Brigham Young University

BYU ScholarsArchive
Theses and Dissertations
2022-04-20

Improving Predictions of Vapor Pressure, Liquid Heat Capacity,
and Heat of Vaporization in Associating Fluids
Joseph C. Bloxham
Brigham Young University

Follow this and additional works at: https://scholarsarchive.byu.edu/etd
Part of the Engineering Commons

BYU ScholarsArchive Citation
Bloxham, Joseph C., "Improving Predictions of Vapor Pressure, Liquid Heat Capacity, and Heat of
Vaporization in Associating Fluids" (2022). Theses and Dissertations. 9463.
https://scholarsarchive.byu.edu/etd/9463

This Dissertation is brought to you for free and open access by BYU ScholarsArchive. It has been accepted for
inclusion in Theses and Dissertations by an authorized administrator of BYU ScholarsArchive. For more
information, please contact ellen_amatangelo@byu.edu.

Improving Predictions of Vapor Pressure, Liquid Heat Capacity,
and Heat of Vaporization in Associating Fluids

Joseph C. Bloxham

A dissertation submitted to the faculty of
Brigham Young University
in partial fulfillment of the requirements for the degree of
Doctor of Philosophy

W. Vincent Wilding, Chair
Thomas A. Knotts IV
Dean R. Wheeler
Larry L. Baxter

Department of Chemical Engineering
Brigham Young University

Copyright © 2022 Joseph C. Bloxham
All Rights Reserved

ABSTRACT
Improving Predictions of Vapor Pressure, Liquid Heat Capacity,
and Heat of Vaporization in Associating Fluids
Joseph C. Bloxham
Department of Chemical Engineering, BYU
Doctor of Philosophy
Vapor pressure, heat of vaporization, and liquid heat capacity are linked through
fundamental thermodynamic relationships. These related properties are essential for the safe
design of many industrial processes, and measurement and prediction of these properties remains
an essential part of modern thermodynamics research. DIPPR uses the fundamental relationships
connecting these properties as a prediction method for all three, referred to as “the derivative
method.” DIPPR regards values predicted using the derivative method as highly accurate, even
when compared to more traditional predictions.
Despite the widespread interest in improving understanding of these properties, many
questions remain regarding their prediction. Foremost among these is the treatment of
associating chemicals, defined here as any species with strong hydrogen bonding. Associating
species have large intermolecular attraction that is hard to compensate for in traditional equation
of state modeling. For this reason, using thermodynamic relationships to predict properties of
associating species is often grossly inaccurate. Improving the prediction of thermodynamic
properties for this group of chemicals has been a goal of thermodynamicists and engineers for
over 70 years.
In this work, we set out to solve the problem of association for prediction of these
properties. We began with high-level quantum calculations to determine the extent of association
in several family groups and tested these against experimental measurements of dicarboxylic
acids. Next, we collected experimental values for a wide array of potentially associating species
and carefully examined literature practices in reporting values these properties. We tested the
applicability to advanced QSPR methods to the association problem. We discovered a highly
accurate limit to liquid heat capacity for organic species. Finally, we test the abilities of
advanced equations of state on associating chemicals.
Based on these findings, several new methods were developed, and an updated approach
to the derivative method was recommended to DIPPR. We have taken significant steps forward
in DIPPR’s ability to predict these properties. However, this work does not fully solve the
problem of association in thermodynamic properties.
In addition to the above work, significant work was performed in the field of
autoignition, biomechanical sensors, and design of materials for non-linear optics.

Keywords: thermodynamics, prediction methods, experimental measurements
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INTRODUCTION

The field of thermodynamics is among the oldest of modern science. From Boyle to GayLussac, and Gibbs to Boltzmann, many great minds have worked piecemeal to increase our
understanding of heat and energy. Despite the widespread success of thermodynamic theory,
especially when combined with statistical mechanics and molecular theory, there are still several
significant gaps in our knowledge. Chief among these problems is accurate prediction of
thermodynamic properties.
The Design Institute for Physical Properties (DIPPR) uses experimental data and a variety of
prediction methods to provide the best critically evaluated property values.1 Many prediction
methods have been designed for individual properties, including liquid heat capacity, vapor
pressure, and heat of vaporization. These three properties are mathematically related via the
Clapeyron equation and other thermodynamic relationships. These relationships are
mathematical truth but can be numerically difficult to solve and are complicated by polarization
and association. For this reason, direct prediction methods have typically used to find the
property of choice, without regard to thermodynamic consistency between predicted properties.
Examples of these include group contribution and corresponding states methods.
Precise analytical expressions for these thermodynamic relationships enable property
estimations, an approach which DIPPR internally calls the derivative method. In the derivative
1

method, the exact thermodynamic relationships are used to predict unknown properties from
experimental data of related properties. With the derivative method, if a vapor pressure (VP)
correlation is known, the Clapeyron equation can be used to find the heat of vaporization (HVP),
and the derivative of the heat of vaporization can be used to find the liquid heat capacity (LCP.)
DIPPR has found that the derivative method is a powerful method for obtaining values and
uses it as their primary prediction method, especially when there are experimental data for at
least one of the properties. However, for certain species there are significant problems in using
the derivative method, especially for the prediction of liquid heat capacity. Carboxylic acids,
alcohols, amines, and other species with a strong ability for intermolecular attraction are difficult
to predict using the derivative method. An example of this phenomena is the experimentally
proven dimerization of acetic acid, shown in Figure 1.

Figure 1: Acetic acid dimer calculated in Gaussian
In this work, we worked to develop prediction methods, improve the DIPPR database,
and give a recommendation to DIPPR that would improve their work with associating species.
This was accomplished by the following methods:
•

An experimental and simulation study of dicarboxylic acids. This enabled us to define the
limits of association.
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•

Extensive experimental data collection for liquid heat capacity, melting point, and heat of
fusion.

•

A critique of how DIPPR values are used in literature. This led to an increased data set for
testing and a new algorithm for searching the DIPPR database.

•

Building a series of QSPRs for liquid heat capacity. This work attempted to quantify
association using molecular descriptors but produced valuable prediction methods.

•

Discovery of a limit to liquid heat capacity. This limit will allow data analysis, process
design, and prediction method development to proceed faster and more accurately.

•

Developing an LCP prediction using only ideal gas heat capacity.

•

Analysis of advanced equations of state for property prediction using the derivative method.
The document is structured along the above list. In this work we show how DIPPR can use

newly developed tools and updated equations of state to improve the abilities of the derivative
method, but have not completely resolved the problems of association in thermodynamic
prediction.

3

2

DICARBOXYLIC ACID FAMILY STUDY

2.1 Introduction to Dicarboxylic Acid Family
One of the questions surrounding association is identifying the extent of association in
different chemicals. In this section of work, which was originally published in the Journal of
Chemical and Engineering Data and has been adapted for discussion here, we analyzed the
dicarboxylic acid family to determine whether the size of the molecule overcame the intense
intermolecular attraction that causes problems in the monoacids.2 This was accomplished by
experimental measurement of liquid heat capacity and ab initio calculations of dimer
concentration. Additionally, new Ruzicka-Domalski parameters were regressed and a new family
fitting function was developed.
Dicarboxylic acids are common chemicals found in many industrial processes and end
products from plastics production to acne cream, yet thermodynamic data on this class of
molecules is scant in the literature. Moreover, applying prediction methods for relevant
properties has been unreliable since the existing methods were parameterized without access to
data from this family. This work describes the results of experiments to determine the liquid heat
capacity data for seven linear saturated dicarboxylic acids and one dicarboxylic acid derivative
(See Figure 2 for dicarboxylic acid structure.) These data were collected via modulated
differential scanning calorimetry (MDSC) and reveal a unique family trend.
4

Figure 2: Generic linear saturated dicarboxylic acid structure

Most of the studied chemicals did not have experimental liquid heat capacity data available at
the time of the study. The available data were as follows:
•

Smoothed liquid heat capacity data were reported for pimelic acid (five carbon chain) in

the range 377.5 K to 503 K.3 DIPPR researchers estimate these data to be accurate within 5%.
•

Smoothed liquid heat capacity data were reported for glutaric acid (CAS RN® 110-94-1,

three carbon chain) in the range 371 K to 483 K.3 DIPPR researchers estimate these data to be
accurate within 5%. Glutaric acid was not studied here, but is included for family trend
comparisons.
•

Liquid heat capacity data were reported for adipic acid (CAS RN® 124-04-9, four carbon

chain) from 430 K to 460 K.4 While Babinkov et al. estimate their uncertainty to be under 1%,
the scatter in their data and unreported purity casts doubt on this figure. These data were
collected using adiabatic calorimetry, likely leading to errors at temperatures near the melting
point. With these problems, the uncertainty is estimated to be closer to 5%.
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2.2 Experimental Methods

2.2.1 Materials
Table 1 lists the chemicals used in this work, along with information on the molecular
weight, purities, and CAS number. Both the IUPAC name and common name are included for
clarity. All chemicals were obtained from Sigma-Aldrich and used without further purification.
The chemical analysis method used to determine purity is also given in Table 1. All reported
purities were better than 98% on a mass basis, and most were above 99%.

2.2.2

Apparatus, Calibration, and Experimental Design

The heat capacities were measured using a TA Instruments Q2000 modulated differential
scanning calorimeter (MDSC). TA Instruments’ Tzero aluminum pans were filled with sample
and sealed hermetically with Tzero aluminum lids to prevent sample loss. The samples were
prepared and the weights measured with a Sartorius MSE125P microbalance. This balance has a
stated reproducibility of 0.015 mg, ensuring that accurate masses were used in finding heat
capacity. Samples ranged in mass from 4 mg to 20 mg, so the uncertainty in the mass
measurement is well under 1%. The sample pans were weighed frequently to ensure that mass
was not lost with time.
The MDSC baseline was calibrated using sapphire disks and the temperatures were calibrated
using ASTM International (hereafter called ASTM) method E967-08. For this method, phase
transitions of indium, adamantane, water, tin, and lead were measured which allowed
temperature calibration across the range 210 K to 600 K using a cubic spline. The experimental
uncertainty in the temperature from this procedure is estimated to be ± 0.5 K.
6

Table 1: Compounds Studied and Purity Information
Compound

IUPAC
Name

CASRN

MW
(gm/mol)

Reported Purity Analytical Method
(% wt/wt)

dimethyl oxalate

-

553-90-2

118.09

99%

GC

adipic acid

1,6hexanedioic
acid

124-04-9

146.14

>=99.5

HPLC

pimelic acid

1,7heptanedioic
acid

111-16-0

160.17

>=98%

GC

suberic acid

1,8octanedioic
acid

505-48-6

174.19

>=98%

Titration in NaOH

azelaic acid

1,9nonanedioic
acid

123-99-9

188.22

98%

GC

sebacic acid

1,10decanedioic
acid

111-20-6

202.25

99%

GC

dodecanedioc acid

1,12dodecanedio
c acid

693-23-2

230.30

99%

GC

tetradecanedioic acid 1,14tetradecandi
oic acid

821-38-5

258.35

99%

GC

Daily heat flow calibrations were performed using indium according to ASTM method E96802, and liquid heat capacities were calibrated using 1,6-hexanediol, toluene, naphthalene, or
sapphire according to ASTM method E2716-09. The calibrant used depended on the measured
temperature, based on the temperature ranges of the DIPPR-accepted liquid heat capacity
correlations for each compound. Care was made to avoid using a calibrant near its boiling point,
eliminating uncertainty in the calibration due to the vapor phase heat capacity. The modulation
amplitude was set to 0.5 K and the modulation period was slowed from the ASTM recommended
7

100 s to 180 s to allow the liquid sufficient time to equilibrate to heat flow. The isothermal
period was increased to 30 minutes from the ASTM recommended 20 minutes to better allow the
heat capacity of the sample to equilibrate. These changes to the procedure are within the
constraints of the ASTM method.
To reduce uncertainty in the results, all measurements were performed well below the normal
boiling point. The average distance from the DIPPR accepted boiling point was 85.6 K, and the
average distance from the DIPPR reported decomposition range was 74.0 K. At these
temperatures, the effect of the vapor heat capacity can be ignored since the partial pressure of the
compound is a fraction of the atmospheric pressure (0.085 MPa ± 2 kPa in the laboratory). Since
the compounds were well below their boiling point, it was reasonably assumed that liquid was
the only phase present. While the laboratory stayed at a relatively constant pressure, the pressure
inside of the pans could change to accommodate the higher temperatures. These fluctuations
remained relatively small because the hermetic seal can burst at pressures above 2 atmospheres.
Temperature ranges were selected by choosing a point just above the melting point and
adding points at increasingly higher temperatures until decomposition effects were shown by
consistent mass loss. Pimelic acid is an exception. Since data were already available only two
temperature points were measured to confirm agreement with other researchers. Additional
dicarboxylic acids, such as succinic acid, were tested but decomposition effects would not allow
repeated measurements. Decomposition effects could be seen in the results by sudden mass loss,
large heat absorption peaks, or the hermetic pans bursting. Experiments were performed at a
single temperature on each day, and replicates at each temperature were collected until the 95%
confidence interval of the mean was under 2% of the measured value.
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2.2.3

Experimental Uncertainties

Calibration chemicals have been studied to determine the uncertainty in liquid heat capacity
measurements. At a large range of temperatures, the average 95% confidence interval was 1.36%
with no significant bias in the calibration chemicals.5 This value from the calibration study is the
estimated experimental uncertainty. An additional source of uncertainty in the liquid heat
capacity measurements is the purity of the compound.6 For purities above 99%, the uncertainty
in the liquid heat capacity has been estimated by other researchers to be ±0.5 %.7 Not all of the
studied chemicals were over 99%, so the estimated uncertainty due to impurity is ±1%. The
combination of the experimental error and impurity error leads to an estimated expanded
uncertainty of ±2% of the reported heat capacity.

2.3 Results and Discussion
The experimental liquid heat capacity results are reported in Table 2 in mass units and
plotted in molar units in Figure 2. The uncertainty associated with the liquid heat capacity is
±2% of the heat capacity, as explained above, and the experimental error in the temperature is ±
0.5 K. The data are compared to data collected on pimelic acid and glutaric acid by Steele et al.3
to determine a family trend and to confirm the results of this work. DIPPR estimates the Steele
data have a Type B uncertainty of ±5% as defined by the Guide to the Expression of Uncertainty
in Measurements.8 Due to irregularities in measuring the heat capacity of azelaic acid which are
detailed later, the uncertainty in this measurement is estimated to be closer to ±5% of the heat
capacity.

9

Table 2: Experimental Liquid Heat Capacities of Eight Dicarboxylic Acids or Derivatives at
p = 0.085 MPaa
Compound

T/K

cp/ (J g -1 K-1)

Compound

T/K

cp/ (J g -1 K-1)

dimethyl oxalate

333.14

1.895

sebacic acid

413.11

2.478

363.13

1.931

453.08

2.584

393.12

2.059

493.06

2.738

413.10

2.114

533.02

2.754

433.09

2.434

572.92

2.935

463.07

2.551

423.09

2.589

493.04

2.598

448.08

2.675

523.01

2.650

473.06

2.733

423.09

2.450

523.0

2.873

448.07

2.521

572.95

3.026

423.10

2.446

423.10

2.728

448.08

2.583

473.06

2.828

473.07

2.623

513.02

2.916

513.02

2.680

523.02

2.951

393.11

2.466

572.97

3.058

433.09

2.585

473.06

2.671

513.03

2.714

adipic acid

pimelic acid

suberic acid

azelaic acid

a

dodecanedioc acid

tetradecanedioic acid

Standard uncertainties are u(T) = 0.5 K, u(P) = 2 kPa. Combined expanded uncertainty is

U(cp) = 0.02cp, with the exception of azelaic acid, which has a combined expanded uncertainty
of U(cp) = 0.05cp. U(cp) has a coverage factor of k = 2.

10

780

cp / (J mol -1 K-1)

680

580

480

380

280

370

420

470

T/K

520

570

Figure 3: Family plot of dicarboxylic acid liquid heat capacity with error bars with temperature.
Tetradecandioic acid (dark blue squares), dodecanedioic acid (maroon circles), sebacic acid
(light blue diamonds), azelaic acid (green triangles), suberic acid (purple diamonds), pimelic acid
(black diamonds), and adipic acid (red triangles). Data from Steele3 for pimelic (orange circles)
and glutaric acid (purple squares) are included to better illustrate family trend and to show
agreement between this work and Steele et al. Steele’s data are smoothed. Babinkov’s4 data for
adipic acid (teal circles) are included for comparison. Dashed lines are linear fit of mean values
at each temperature, with regression information in the Supporting Information. Error bars show
experimental uncertainty from this study.
2.4 Family Trend
Over the range of temperatures studied, the heat capacity increases linearly with temperature,
as shown in Figure 3. The linear fits for each compound plotted in Figure 3 are given in the
appendix. The linear fits represent the data well, with an average R2 value of 0.9615, and the
residuals show no bias. The liquid heat capacity increases predictably with increasing molecular
weight, a trend common in all chemical families.9 The adipic acid data (red triangles) match the
data collected by Babinkov et al. (teal circles) at the assigned uncertainty.4 Finally, the data
11

collected for pimelic acid (black diamonds) fit well within the uncertainties of the Steele data
(orange circles), and the glutaric acid data (purple squares) from Steele fit the family trend well.
The agreement between this work and previous efforts gives credibility to the 2% errors assigned
above.

2.5 Irregularities in Azelaic Acid Measurements
It was more difficult to obtain consistent results for azelaic acid than the other dicarboxylic
acids studied here because mass loss occurred much more readily with this compound. This
could be a function of the lower purity relative to other samples studied, or due to its lower
decomposition temperature than the immediately smaller and larger dicarboxylic acids.10 Due to
the decomposition effects and considering fit with the family trend, the points collected for
azelaic acid were assigned a 5% uncertainty. The azelaic acid data fits in to the family trend well
at this level of uncertainty.

2.6 Comparison of Data to Prediction Methods
The Ruzicka-Domalski (RD) method for predicting liquid heat capacity is a second-order
group-contribution method that uses three constants for each chemical moiety in a molecule.11
The RD method is especially useful for property prediction because there is structural
temperature dependence not found in many other group contribution methods. The RD
prediction for liquid heat capacity is:
2.6.1
𝐶𝐶 𝑙𝑙𝑝𝑝

𝑘𝑘

= 𝑅𝑅𝑔𝑔𝑔𝑔𝑔𝑔 � 𝑛𝑛𝑖𝑖 ∆𝑐𝑐𝑖𝑖
𝑖𝑖=1
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where
2.6.2
𝑏𝑏𝑖𝑖 𝑇𝑇
𝑇𝑇 2
∆𝑐𝑐𝑖𝑖 = 𝑎𝑎𝑖𝑖 +
+ 𝑑𝑑𝑖𝑖 �
�
100
100

𝑎𝑎𝑖𝑖 , 𝑏𝑏𝑖𝑖 , and 𝑐𝑐𝑖𝑖 are adjustable parameters given by each group, 𝑇𝑇 is the temperature in K, and

𝑛𝑛𝑖𝑖 is the number of type 𝑖𝑖 groups.

Table 4 shows the performance of the RD prediction method in reproducing the experimental

liquid heat capacity vs temperature data found in Table 2. Using Ruzicka’s published constants,
the absolute average deviation (AAD) from the data found here is 6.63%. At most temperatures
studied, the Ruzicka-Domalski overestimates the heat capacity of dicarboxylic acids. It was
observed that for the studied compounds the prediction method error increased with temperature.
While the original Ruzicka-Domalski method has values for all of the functional groups in
these molecules, it is clear that the prediction method could be improved by adding new
constants that more accurately captures the dicarboxylic acid family. Updated constants could
account for the effect of two carboxylic acid groups on liquid heat capacity and better follow
temperature trend. Using the data collected here and the Steele data, a training set and a test set
were created to optimize the carboxylic acid constant for this unique case. The training set
included half of the compounds and the test set contained the other half. The compounds for both
sets were chosen at random. The carbon-hydrogen bond constants were left unchanged, and new
values for the carboxylic acid groups (the alcohol O-(H)(CO) and the carbonyl CO-(C)(O)
groups) were found.
Table 3 shows the results of the new parameterization, along with the original values for
comparison. The fourth column of Table 4 shows the updated RD prediction AAD when
13

compared to the experimental data in Table 2. With these new constants, the average absolute
deviation at the experimental temperatures is 1.98%. The new constants also avoid the trend of
increasing prediction deviation with temperature.
Table 3: Ruzicka-Domalski Carboxylic Acid and New Dicarboxylic Acid Constants
Functional Group

A

B

C

O-(H)(CO)

-27.587

-0.16485

2.7483

CO-(C)(O)

29.246

3.4261

-2.8962

O-(H)(CO)

-28.476

-0.15557

2.4823

CO-(C)(O)

27.656

7.3037

-3.4181

Ruzicka-Domalski Constants

Updated Constants

Figure 4 shows the results of the prediction methods with the experimental data for
dodecanedioic acid. This figure illustrates the improvements made by using the updated RD
constants and the increasing error with rising temperature of the original RD method. It also
shows that the derivative method tends to underestimate the liquid heat capacity in this family.

2.7 Family Formula
Not all possible chemicals in this family were studied, but the family trend was clear enough
to make predictions for any unstudied linear saturated dicarboxylic acids using a correlation
based on the effect of molecular weight to heat capacity using a novel equation. The following
equation predicts the liquid heat capacity of linear saturated dicarboxylic acids in J mol-1 K-1 as a
function of temperature (𝑇𝑇) and the molecular weight (𝑚𝑚𝑚𝑚).
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2.7.1

𝐶𝐶𝑝𝑝

𝐽𝐽 𝑚𝑚𝑚𝑚𝑙𝑙−1 𝐾𝐾−1

𝑇𝑇

𝑚𝑚𝑚𝑚

𝑏𝑏

𝑚𝑚𝑚𝑚

𝑑𝑑

= 𝑎𝑎 �𝐾𝐾� �𝑔𝑔𝑔𝑔 𝑚𝑚𝑚𝑚𝑙𝑙−1 � + 𝑐𝑐 �𝑔𝑔𝑔𝑔 𝑚𝑚𝑚𝑚𝑙𝑙−1 �

The regression parameters 𝑎𝑎, 𝑏𝑏, 𝑐𝑐, and 𝑑𝑑 for this equation can be found in Table 5. This equation

was fit using the data collected here and Steele’s data for glutaric acid. The equation fits the data

with an AAD of 1.08%. The greatest deviation from data was 2.65%. Predictions for dicarboxylic
acids not studied here between glutaric acid and tetradecanedioic acid in size using this correlation
are expected to be accurate within 3%.
800

cp / (J mol -1 K-1)

750

700

650

600

550

420

440

460

480

500
T/K

520

540

560

580

Figure 4: Dodecanedioic acid experimental data from Table 2 (blue squares) compared with
Ruzicka-Domalski (red), Ruzicka-Domalski with updated constants from Table 3 (green), and
derivative method (purple).
It is likely that this equation will also work for dicarboxylic acids larger than tetradecanedioic
acid, since the reduced temperatures of the compounds should be similar. This equation should
not be used above the studied temperature range, since the family tendency towards
decomposition can cause operational hazards.
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Table 4: Prediction Method Errors for Dicarboxylic Acid Family
Compound

T/K

Ruzicka-Domalski Errors
(%)

Updated Ruzicka-Domalski
Errors (%)

Derivative Method Errors
(%)

adipic acid

433.09

5.13

3.15

-2.06

463.07

6.49

0.36

-2.94

493.04

10.94

0.14

-1.35

523.01

15.38

-0.51

0.01

423.09

2.89

2.30

3.53

448.07

5.09

1.46

3.56

423.10

3.51

2.97

9.20

448.08

2.98

-0.85

6.51

473.07

6.54

2.26

7.63

513.02

12.82

1.12

9.20

393.11

-2.87

0.06

4.02

433.09

0.25

-1.38

4.58

473.06

4.99

-0.71

5.62

513.03

11.78

1.12

7.71

413.11

0.87

1.31

0.64

453.08

4.65

1.34

2.83

493.06

6.84

-0.56

2.26

533.02

14.85

2.49

6.30

572.92

16.47

-0.52

4.06

423.09

-1.08

-1.45

-3.89

448.08

0.58

-1.80

-3.34

473.06

3.39

-1.15

-2.07

523.0

8.84

-0.30

-0.53

572.95

13.50

-.030

-0.16

423.10

-5.73

-6.05

-9.15

473.06

0.28

-3.64

-6.31

513.02

5.18

-2.03

-4.82

523.02

5.98

-2.08

-4.93

572.97

12.72

-0.05

-3.32

6.63

1.98

4.23

pimelic acid

suberic acid

azelaic acid

sebacic acid

dodecanedioc acid

tetradecanedioic
acid

AAD
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Table 5: Constants for Liquid Heat Capacity of Linear Dicarboxylic Acid
PredictionEquation 2.7-1
Constants
Equation

for

Dicarboxylic

a

0.016675

b

0.061553

c

0.64069

d

1.6025

Acid

2.8 Dimethyl Oxalate
The liquid heat capacity of dimethyl oxalate was also measured as a part of this study. This
compound is the dimethyl ester of oxalic acid, the smallest dicarboxylic acid. Its structure can be
seen in Figure 5. In the studied range, dimethyl oxalate liquid heat capacity follows a linear trend
with an R2 of 0.94. The data differs from the dicarboxylic acid family, as we would expect. The
Ruzicka-Domalski prediction method has an average absolute error of 4.10% compared to the
measured values. At all measured points, the Ruzicka-Domalski underestimates the liquid heat
capacity. The derivative method matches the data well, returning an average absolute deviation
of 0.60%. Changing the carboxylic acid groups for esters reduces the effects of association
substantially by removing the ability to hydrogen bond, as indicated by the success of the
derivative method for dimethyl oxalate. The experimental liquid heat capacity, along with values
from the derivative and Ruzicka-Domalski prediction methods are shown in Figure 6. Note that
the newly regressed RD parameters do not apply to this compound.
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Figure 5: Dimethyl oxalate
255
250

Cp / (J mol -1 K-1)

245
240
235
230
225
220
215
210

330

340

350

360

370

380

390

400

410

420

T/K

Figure 6: Dimethyl oxalate experimental data with experimental uncertainty (blue squares)
compared with Ruzicka-Domalski (red) and derivative method (green). Blue dashed line is linear
fit of experimental data.
2.9 Analysis of Derivative Method in Dicarboxylic Acids
This family was chosen due to the lack of experimental data available. As noted above, the
derivative method struggles with associating systems. At the outset of this work, it was expected
that dicarboxylic acids would associate strongly due to the terminal carboxylic acid groups
18

allowing sterically uninhibited molecular interactions. Surprisingly, despite the two potential
interaction sites, dicarboxylic acid liquid heat capacity is predicted within a 5% error with the
derivative method. Ab initio calculations using Gaussian 09 of pimelic acid (the second smallest
studied dicarboxylic acid) at 448.5 K and 1 atmosphere using B3LYP/6-311+G(3df,2p) show
that the equilibrium concentration of the dimer is only 5.2%.12 Additional calculations at other
temperatures and configurations showed even smaller concentrations. While these calculations
are only applicable in the vapor phase, they show that dicarboxylic acids do not associate as
heavily as expected. Association effects tend to decrease with increasing molecular weight, so it
is expected that the larger dicarboxylic acids do not associate to a significant degree. Since this
chemical family does not associate strongly, the derivative method works fairly well. From this
work we were able to say that association can be neglected for larger species, even if the species
has groups that will strongly hydrogen bond. Association remains a problem for smaller species.
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3

EXPERIMENTAL MEASUREMENTS AND DATA ANALYSIS

3.1 Introduction
The next portion of our work centered on providing DIPPR with extensive experimental data
on liquid heat capacity, melting point, and heat of vaporization. When possible, chemicals with
functional groups allowing for association were chosen for experiment. This was done to further
the amount of data on association for analysis and to fill holes in the DIPPR database.

3.2 Experiments
In our ongoing measurements, we have collected values on over 35 compounds, 27 of which
have been published so far.13 The 27 compounds have a combined total of hundreds of data
points, representing thousands of independent experiments. All data collected as part of this
project must be published before use in the DIPPR database. In this section we will discuss the
published portion of these measurements.
The chemicals examined in this work were selected because they lacked reliable
experimental liquid heat capacity data in the literature or required validation of existing
published values. The melting temperature and enthalpy of fusion data were also collected if
high accuracy experimental data were not available for these properties.
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3.2.1

Literature Review

The existing literature data for the compounds examined in this work are outlined below.
These literature data are compared to the results of our measurements in later sections.
•

Eugenol has a liquid heat capacity data point available at 293 K.14 Domalski and Hearing
evaluated this data point as a B on a letter-grade scale.15 A more recent study gives heat
capacity data from 265.0 K to 355.0 K.16 This study used a high accuracy Tian-Calvet
calorimeter and high purity eugenol.

•

Octanal has several data sets available, but there is substantial deviation between these sets.
D'yakova, et al. report 13 points in the range 247.7-350 K.17 Zábranský estimates the
uncertainty of this dataset to be under 3%.18 Vasil'ev et al. report liquid heat capacity data.19
Domalski rated these data as high quality.15 Another data point is available at 298.15 K as
well.20 There is a 50% deviation between these data sets. There are also several high-quality
melting temperatures and enthalpies of fusion in the literature.17,21-27

•

Didecyl phthalate has one experimental melting temperature in Sax's Dangerous Properties of
Industrial Materials.28 The primary source and method for this value is not given. This point
deviates substantially from values obtained from common prediction methods.

•

n-butyl acetate has published data for liquid heat capacity from around 290 to 360 K.

29-38

While many of these sources seem to agree, there are some significant outliers. In this work,
liquid heat capacity from 193.15 to 373.15 K are measured, and comparisons between these
measurements and others can be found below.
•

n-hexyl acetate has one published liquid heat capacity data point at 298.15 K. 39 This point was
measured using high purity materials, but the authors do not disclose the methodology used in
experiments.
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•

n-heptyl acetate has no literature values for liquid heat capacity, but there is a predicted value
from the TRC Data Project.40 The prediction method for this value is not given.

•

n-nonyl acetate also has a predicted data point at 298.15 K from the TRC Data Project.40

•

2-nonanol liquid heat capacity has been measured at 298.15 K with a reported uncertainty of
2% by Verevkin et al.41 Their reported methods indicate this value is high quality.

•

Guaiacol has numerous melting temperatures in the literature.42-57 Most of the references come
from chemical compilations, but the values do not vary significantly between the sources.
Literature values could not be found for liquid heat capacity, and only one value was found for
enthalpy of fusion.

•

Vanillin has many reported melting temperatures with good agreement between sources.44,5874

Enthalpies of fusion data are also reported, with a range of about 6% between the limits of

measurements.67-70,74 Liquid heat capacity data are not available for this compound.
•

4-carboxybenzaldehyde has several sources for melting temperature data which are in good
agreement with each other.44,48,75-77 However, only one data source is available for enthalpy of
fusion.75 This point was recorded using a pressure differential scanning calorimeter maintained
at 4.0 MPa under argon gas. This high-pressure method differs from the one used here.

•

4-(hydroxymethyl) benzoic acid has many reported melting temperatures.78-81 No enthalpy of
fusion data could be found.

•

2-(5H)-furanone has several literature values for melting temperature, but no available values
for enthalpy of fusion or liquid heat capacity.82-84

•

Cyclopentylacetic acid has some melting temperature data available, but no enthalpy of fusion
or liquid heat capacity values are available.44,85,86
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•

3-carboxybenzaldehyde has some melting temperature values available.76,87
The other chemicals in this study had no literature data available for these properties.

3.3 Experimental Methods

3.3.1

Materials

Table 6 summarizes the compounds studied, including information on molecular weight,
supplier, purity, and their CAS RN. All reported purities were better than .97, and most were
above .99. Water content was reported by the manufacturer for several compounds and found to
be within specifications, and potentially hygroscopic compounds were dried over 0.3 nm
molecular sieve rods. Samples could not absorb water once sealed in hermetic pans, and
chemicals were stored according to manufacturer specifications.

3.3.2 Experimental Apparatus, Calibration, and Methods
Calorimetric and experimental methods, along with uncertainty in liquid heat capacity is the
same as given in section 1.2.2 and 1.2.3. In this section, we also report melting points and heat of
fusion values. Methods and uncertainties for these properties are shown here.
Estimated uncertainty in melting temperature is ± 1.0 K. This uncertainty was estimated by
measuring the phase transitions of reference materials and comparing the results to literature
values.5 Replicates were performed until the 95% confidence interval in the mean was smaller
than 1.0 K. ASTM Method E794-06 gives a mean repeatability of 0.6 K for the melting
temperature of tin.

23

Table 6: Compounds studied and purity information
Compound

CAS RN

Molecular
Weight (g mol-1)

58670-89-

354.65

Sigma-Aldrich

.982

GC

cyclopentylacetic acid

1123-00-8

128.17

Sigma-Aldrich

.997

GC

3-chloro-1-propanol

627-30-5

94.54

Sigma-Aldrich

.995

GC

1,4-pentanediol

626-95-9

104.15

Sigma-Aldrich

.997

GC

eugenol

97-53-0

164.20

Sigma-Aldrich

.991

GC

erucic acid

112-86-7

338.57

Sigma-Aldrich

.996

GC

2-(5H)-furanone

497-23-4

84.073

Sigma-Aldrich

.987

GC

didecyl phthalate

84-77-5

446.66

Sigma-Aldrich

.999

GC

guaiacol

90-05-1

124.14

Sigma-Aldrich

.993

GC

vanillin

121-33-5

152.15

Sigma-Aldrich

1.0

GC

o-toluic acid

118-90-1

136.15

Sigma-Aldrich

.991

GC

octanal

124-13-0

128.21

Sigma-Aldrich

.996

GC

trans-cinnamic acid

140-10-3

148.16

Sigma-Aldrich

.997

GC

oleyl alcohol

143-28-2

268.48

Sigma-Aldrich

.990

GC

4-carboxybenzaldehyde

619-66-9

150.13

Sigma-Aldrich

.983

Titration
Hydroxylamine

2-carboxybenzaldehyde

119-67-5

150.13

Sigma-Aldrich

.993

GC

4-hydroxybenzaldehyde

123-08-0

122.12

Supelco

1.00

GC

2,4-pentanediol

625-69-4

104.15

Sigma-Aldrich

1.00

GC

n-butyl acetate

123-86-4

116.16

Sigma-Aldrich

.998

GC-MS

n-hexyl acetate

142-92-7

144.21

Sigma-Aldrich

.990

GC

n-heptyl acetate

112-06-1

158.24

Sigma-Aldrich

.998

GC-MS

n-nonyl acetate

143-13-5

186.29

Sigma-Aldrich

.9948

GC

ethyl levulinate

539-88-8

144.17

Sigma-Aldrich

.998

GC

2-nonanol

628-99-9

144.25

Sigma-Aldrich

.997

GC

methyl-4-formylbenzoate

1571-08-0

164.158

Sigma-Aldrich

.989

GC

4-(hydroxymethyl)benzoic acid

3006-96-0

152.147

Sigma-Aldrich

1.00

Titration
NaOH

3-carboxybenzaldehyde

619-21-6

150.13

Sigma-Aldrich

.989

2-decyl-1-tetradecanol

6

Supplier
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Reported
(mass fraction)

Purity

Analytical
Method

HPLC

by

by

Combining the effect of some impurities and this repeatability, we expect a ± 1.0 K
uncertainty. Some of the species studied began to show signs of decomposition during liquid
heat capacity measurements at temperatures above the melting temperature as discussed in Table
2. Due to careful monitoring of sample mass and the use of varied samples, we expect the
uncertainty in these compound’s melting point to be similar to the conservative estimates given
above.
ASTM E793-06 gives a 1.5 % (or .92 J g-1) repeatability for enthalpy of fusion measurements
of tin. Given the effect of impurities and the inherent experimental error expressed in ASTM
E793-06, an uncertainty of ± 5 J g-1 is estimated. This was confirmed by reference studies.5
Replicates were collected until the 95% confidence in the enthalpy of fusion were under this
uncertainty limit.

3.4 Experimental Results
The temperature ranges of experimental liquid heat capacity results are reported in Table 7,
and the full dataset can be found in the Journal of Chemical and Engineering Data.13 The
estimated uncertainty of the liquid heat capacity is ± 2% as discussed in the Experimental
Uncertainties section, and the estimated experimental error of the temperature is ± 0.5 K.
The results of the melting temperature and enthalpy of fusion experiments are reported in
Tables 8 and 9, respectively, along with available literature values. With this equipment and
methodology, the uncertainty associated with the melting temperature is ±1.0 K, and the
expected experimental error in the enthalpy of fusion is ±5 J g-1.5
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Table 7: Experimental Liquid Heat Capacity Temperatures at p = 0.085 MPa.

2-decyl-1-tetradecanol
cyclopentylacetic acid
3-chloro-1-propanol
1,4-pentanediol
eugenol
erucic acid
2-(5H)-furanone
guaiacol
vanillin
o-toluic acid
octanal
trans-cinnamic acid
oleyl alcohol
2-carboxybenzaldehyde
ethyl levulinate

323.15-523.15
298.15-433.15
273.15-393.15
273.15-433.15
273.15-473.15
323.15-398.15
298.15-433.15
313.15-433.15
373.15-473.15
398.15-498.15
273.15-413.15
423.15-498.15
298.15-323.15
378.15-473.15
248.15-448.15

Number of Temperatures
Studied
4
5
4
5
5
4
5
4
4
5
5
4
2
4
5

4-hydroxybenzaldehyde

398.15-448.15

3

Compound

Temperature Range (K)

2,4-pentanediol
333.15-453.15
5
n-butyl acetate
193.15*-373.15
5
n-hexyl acetate
193.15*-423.15
6
n-heptyl acetate
233.15-413.15
5
n-nonyl acetate
258.15-398.15
4
2-nonanol
248.15-398.15
4
343.15-493.15
5
methyl-4-formylbenzoate
463.15
1
3-carboxybenzaldehyde
a
Standard uncertainties are u(T) = 0.5 K, u(P) = 10 kPa. Combined expanded uncertainty at
the .95 confidence level is U(cp) = 0.02cp. Liquid heat capacity measurements were attempted for
4-carboxybenzaldehyde and 4-(hydroxymethyl)benzoic acid but these tended to decompose at
temperatures above the melting temperature. This made measurement impossible. *denotes
subcooled liquid measurements.
3.5 Experimental Discussion
Most of the measured liquid heat capacity values, melting temperatures, and enthalpies of
fusion compare well to the literature values. Some exceptions are discussed in greater detail
below. For clarity, each compound discussed has been given its own section.
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Table 8: Melting Temperature Data at p = 0.085 MPa.
Compound
4-carboxybenzaldehyde

Melting
Replicates
Temperature
(K)
522.0
20

Lit. Values (K)
520.15-529.244,48,75-77

3-carboxybenzaldehyde

447.5

10

446.2-448.1576,87

4-(hydroxymethyl) benzoic acid

454.5

19

453.65-456.1578-81

cyclopentylacetic acid

284.7

8

286.65-286.944,85,86

2-(5H)-furanone

272.2

6

277.15-278.1582-84

octanal

246.6

5

246.0-252.1522,24-27

didecyl phthalate

277.7

17

220.15028

guaiacol

297.2

7

298.65-305.1542-57

vanillin

354.3

6

351.0544,58-64,66,71-74,88,89

a

Standard uncertainties are estimated to be u(T) = 1.0 K and u(P) = 10 kPa.

Table 9: Enthalpy of fusion measurements at the melting temperatureat p = 0.085 MPa.
Literature sources are referenced above.
Compound

Enthalpy of Fusion (J g-1) Replicates

Lit. Values (J g-1)

4-carboxybenzaldehyde

208.17

9

171.5175

3-carboxybenzaldehyde
4-(hydroxymethyl)
benzoic acid
cyclopentylacetic acid

200.12

10

-

176.34

11

-

97.94

7

-

2-(5H)-furanone

129.10

6

-

octanal

200.12

5

201.7-203.17,22,23

didecyl phthalate

100.75

17

-

guaiacol

121.00

6

96.757

vanillin

146.83

6

106.0-163.067-70,74,88,89

a

Standard uncertainties are estimated to be u(T) = 5 J g-1 and u(P) = 10 kPa.
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3.5.1

Guaiacol Data Comparison

The melting temperature for guaiacol collected here is lower than literature values. The
melting temperature deviates by slightly more than 1% (1.45 K) than the next lowest
measurement, but only about 2.7% (7.95 K) from the highest available literature point. The
enthalpy of fusion measured here differs by 20% from the values measured in literature.57 The
literature value was measured using a similar method to this work, but with a ± 5% uncertainty.
The sample used in literature was also above .99 purity and was handled similarly. Even with the
± 5 K assigned in this work, there is no overlap of uncertainty. It is unclear why the
measurements differ between the two works.

3.5.2

Eugenol Data Comparison

Eugenol data from several sources are shown in Figure 7. Data from Vilas-Boas uses a TianCalvet calorimeter, which produces data with very low uncertainty.16 Where the temperature
range measured by Vilas-Boas overlaps the temperature studied in this work, there is an average
disagreement of approximately 2.5%. This would likely be within the combined uncertainty area
of the 2 data sets. However, due to the low uncertainty of their method and the higher purity of
eugenol used in their analysis, the data from Vilas-Boas is recommended in the lower
temperature range. However, above 355 K, data from this work is the only values available. The
liquid heat capacity values measured for eugenol here and by Vilas-Boas differ from the value
reported by Karabaev.14 Based on this discrepancy, this point cannot be recommended.
The correlation available from DIPPR is also show in Figure 7. The correlation is regressed
based on predicted values and was accepted in 2014 before Vilas-Boas or this work were
published. It is clear that this correlation is flawed and should be updated.
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Figure 7: Data available for eugenol.This work (green dots), Vilas-Boas (blue dots), Karabaev
(grey dots), and DIPPR accepted correlation81 (red line). DIPPR correlation uses predicted
values.
3.5.3

Didecyl Phthalate Data Comparison

The measured value for didecyl phthalate’s melting temperature differs by over 50 K from
the value reported in Sax’s Dangerous Properties of Industrial Materials.28 This existing
literature value is reported without a methodology, sample purity, or original source listed.
Because of this, we cannot ascertain why this point differs from this work. We expect the value
measured here to represent the melting point more accurately.

3.5.4

2-Nonanol Data Comparison

Verevkin et al. provide a high-quality liquid heat capacity data point at 298.15 K.41 This
point differs just over 2% from the data measured here at the same temperature. With the 2%
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uncertainty of this work and the 2% uncertainty of the point from Verevkin, the difference
between the two points is insignificant.

3.5.5

4-Carboxybenzaldehyde

There is a significant difference (17.6%) in 4-carboxybenzaldehyde’s enthalpy of fusion
measured here and the data provided by Li et al.75 However, the melting temperature reported by
Li differs from the temperature measured here by less than a degree K. Li estimates the error in
the enthalpy of fusion measurement to be under one percent but does not include any statistical
information for this reasoning. It is possible the discrepancy is due to the difference in method,
but generally a pressure differential scanning calorimeter maintained at 4.0 MPa under argon gas
can give accurate results. Despite Li’s stated confidence, we recommend the data reported here
due to the small reported standard error, which is less than 1%.

3.5.6

Octanal Measurements

Liquid heat capacity collected here for octanal is plotted with literature values in Figure 8.
The measured data for liquid heat capacity compares well (within 5%) to the data from Vasil’ev
and D’yakova at lower temperatures. The data from Kafarov is off by a significant amount from
all other sources and is likely untrustworthy. The trend of the data measured in this work differs
from D’yakova, but is similar to that of the Růžička-Domalski prediction method. Due to the low
uncertainty of this work’s data and the agreement with the Růžička-Domalski trend, we
recommend the values reported here.
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Figure 8: Octanal liquid heat capacity data and prediction.This work (blue circles), Vasil’ev19
(black circles), Kafarov20 (grey star), D’yakova17 (yellow triangles), and Růžička-Domalski11
(red line). Blue dashed line is fit to this work.
3.5.7

Acetates Family Trend

The liquid heat capacity was measured for 4 members of the n-acetate family in this work.
Figure 9 shows these data on a molar scale along with literature values of additional n-acetates.
The family trend is consistent across the values measured here and with the data from other
sources.
Close examination of the data in Figure 9 reveals a slight difference in the high temperature
slope of Becker’s data and the data collected here. Becker used a different method than the one
used in this work, and it may be possible that the methodology used in Becker’s work was not
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sensitive enough to detect the curvature. Becker is also unclear about the number of replicates
performed and the uncertainties of the data collected.
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Figure 9: n-acetate family liquid heat capacity.n-butyl acetate (blue squares), n-hexyl acetate
(orange diamond), n-heptyl acetate (grey square), and n-nonyl acetate (yellow x) measured here.
For comparison literature data for n-propyl acetate from Shiba33 (maroon triangles) and
Becker90 (blue circles), n-pentyl acetate91 (blue dash), n-hexyl acetate39 (brown squares), and noctyl acetate90 (green circle.) Dashed lines are fit to corresponding data sets for ease of use.
Given the agreement of the slope measured here with n-pentyl acetate data from Steele and
of n-butyl acetate data from Zábranský, we expect that the slope of the family trend reported here
from measurements of four n-acetates is correct, despite the disagreement in curvature from
Becker.34,91
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Figure 10: Comparison of available n-butyl acetate liquid heat capacity data. This work (blue
squares), Fuchs29 (black square), Kolosovskii30 (grey circle), Riddick31 (yellow triangles),
Celanese Chemical Company32 (purple circle), Shiba33 (green diamonds), Zábranský 34 (red
asterisk), Jimenez35 (brown x), Pintos36 (brown circle), Jimenez37 (red triangles), and Balakina38.
Dashed blue line is fit to values in this work.
The data measured here for n-butyl acetate compare well to data from most sources, as seen
in Figure 10. Especially encouraging is the agreement of the data measured here with data from
Zábranský, who used a fined-tuned isoperibolic calorimeter which should return very accurate
results. However, there are some significant disagreements from Riddick, Kolosovskii, Balakina,
and the Celanese Chemical Company. Kolosovskii published his value in 1931, and verifying the
purity of the samples and the reliability of the equipment is impossible. Additionally, the method
and purity of Riddick’s and the Celanese Chemical Company values can also not be identified.
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Balakina et al.’s data spans much of the same temperature range as studied here, but is always
1.5 to 4% lower than our measurements. Balakina’s data also disagrees with the data from
Zábranský, and they do not specify a purity in their paper. Considering the high purity of the nbutyl acetate reported in Table 6, the low standard errors reported in Table 7, and the favorable
comparison of Table 7’s values to several other literature sources, the data reported here are
recommended in addition to the data from Zábranský and Fuchs.

3.5.8

Benzaldehyde Melting Points

In this study the melting temperatures of 4 benzaldehydes were measured. While there are a
several secondary functional groups represented, a discussion about the effects of functional
group placement on melting temperature and liquid heat capacity in this family is appropriate.
Table 10 displays the measured values and structures of several of the studied species and their
family members.
Like many aromatics with two functional groups, carboxybenzaldehydes increase in melting
temperature in the order ortho, meta, and para. This can be explained by examining the steric
hinderances of the solid phase. One of the driving forces of crystallization found in aromatic
compounds is that ability of the molecules to “stack” due to favorable π- π interactions.
Substitutions on the aromatic ring upset this ability as the additions can interact with each other
in ways that disrupt the planar nature of the molecule. As the structure moves from the ortho
isomer to the para, the interactions between the substituted groups decreases, the structure
becomes more planar, stacking occurs, and the solid phase becomes more favorable.
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Table 10: Benzaldehyde melting temperatures
Melting
Temperature

Compound
vanillin

Structure

354.3 Ka

4hydroxybenzaldehyde

390.2 Ka

2carboxybenzaldehyde

370.2 K65

3carboxybenzaldehyde

447.5 Ka

4carboxybenzaldehyde

522.0 Ka

a

Measurements from Table 8

This effect can also be seen in comparing the melting temperature of vanillin and 4hydroxybenzaldehyde. The two compounds have identical structures, with the exception of the
methyl ester group in vanillin. The addition of the ester group on vanillin’s aromatic ring reduces
the melting temperature by nearly ten percent despite the increase in molecular weight because
the stacking interaction is disturbed.
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3.5.9

Pentanediol Family Analysis

The liquid heat capacities of 1,4-pentanediol and 2,4-pentanediol were measured in the work.
Figure 11 compares these data to experimental data from the literature for 1,5-pentanediol.92

Figure 11: Comparison of pentanediol liquid heat capacity. Experimental data for 2,4pentanediol (blue diamonds, this work) 1,4-pentanediol (orange circles, this work) and 1,5pentanediol92 (green squares, Goralski et al.) with associated error bars. Dashed lines are fit to
corresponding data.
These data compare well to each other, especially as temperatures increase above the melting
temperature. (2,4-pentadiol has a melting point of 325.65 K, 1,5-pentanediol 257.15 K, and 1,4pentanediol 243.6 K.)40,93,94 While it is not expected that the liquid heat capacity curves to be
identical, we would expect the liquid heat capacities to be similar. In general, as temperatures
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increase and intermolecular forces weaken compared to translational and internal energy, heat
capacity of structural isomers should converge. This assumption bears out as shown in Figure 11.

3.6 Conclusions of Experimental Work
Through the experimental collection of data reported in this paper, 27 compounds in the
DIPPR database have been improved with high quality values. Additional measurements have
been performed and will be published in future articles. These data were collected with highly
accurate equipment and compare favorably to the best values from literature. The experimental
work done as a part of this dissertation also allowed for more chemicals to be available for
analysis of prediction methods of thermodynamic properties.
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4

A CRITIQUE OF DATA PRACTICES IN THE LITERATURE AND A NEW
SEARCH ALGORITHIM

4.1 Introduction
In this section, we detail the findings of an analysis of literature usage of DIPPR values.95
While the DIPPR database makes a guide available to understand the sources and types of values
reported, often researchers treat all values as highly accurate experimental values. This can lead
to errors, especially when researchers use predicted or calculated values in developing prediction
methods, or when engineers do not carefully observe the uncertainties of a sourced experimental
point.
In this section, we detail common mistakes researchers using DIPPR values make and
provide a guide for scientists and researchers to follow. Finally, a new method for searching the
database that allows for maximum confidence in the most possible values is discussed.
This analysis enhances the impact of the DIPPR project by improving the quality of
published data and methods in the literature.

4.2 Common Mistakes in Publication
As the Gold Standard in chemical property data, the DIPPR 801 Database is referenced in
many publications. While many researchers use the database correctly, mistakes are common in
38

the literature. These errors often involve a fundamental misunderstanding of DIPPR’s purpose
and definitions. By pointing out common mistakes when using DIPPR data, we hope to avoid
such problems in the future. The most common mistakes include interpreting DIPPR Accepted
constant values and temperature-dependent correlations as experimental data and neglecting to
properly credit original data sources. Specific examples from the literature appear below.

4.2.1

Insufficient Citations

In a recent article, a neural network model for surface tension collected data from DIPPR,
DETHERM, and additional works.96 The method reported an excellent fit to 3063 data points on
149 alcohols. While the authors have carefully noted the number of data points collected for each
compound in an appendix along with the used physical properties, they neglected to cite the
experimental data and physical property data sources. While they do cite the edition of the
databases they use, referencing the original data sources would allow researchers to better
analyze and review their work by allowing scrutiny of the primary data.
Treating DIPPR values as a primary source is a frequent mistake in the literature. Many
values in the database are predicted, smoothed, or may be cited from another source in the
literature. By neglecting to reference the original data in this case, it is unclear whether the
values used in fitting are from a primary source or some other source that is either predicted,
smoothed, or repeats some value from a primary source. This can invalidate claims made by the
author about how well the method fits to experimental data. These problems can be avoided by
referencing the original sources where possible.
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4.2.2

Using Correlation Values as Experimental

Temperature-dependent properties are presented as correlations in the database to make
simulation and process design easier. However, researchers have often treated values from
correlations as experimental data points. DIPPR recommended correlations can be regressed
from multiple data experimental sources and/or prediction methods. The type of data used in the
regression is fully noted in the database, but researchers often neglect to consider this. When
used for comparisons, data sources and regression information should be shared as well. For
compounds with sufficient experimental data, the DIPPR correlations are highly accurate. Where
fewer experimental data are available, correlations are regressed based on the best prediction
methods available. However, these correlations tend to have greater uncertainty. Therefore,
treating correlation results as experimental data may be inaccurate depending on the data that
informed the correlation fit. This problem may be avoided by checking and referencing the
sources that informed the correlation.

4.2.3

Interpreting Recommended Values as Experimental

In a 2018 article, Keshavarz et al. published a QSPR method for the prediction of
autoignition temperatures (AIT).97 In it, they claim to use experimental data for 54 compounds to
relate molecular descriptors to AIT. Upon closer inspection, 19 AIT values they attribute to the
DIPPR database are predicted rather than experimental values. The authors incorrectly included
Accepted values without examining whether the values were experimental. This neglect calls
into question the entire prediction method because the regression is based on predicted values.
Researchers can easily avoid this situation. DIPPR includes information for every
recommended value to identify its origin and whether it is an experimental or predicted value.
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Researchers should screen the data they use for new prediction methods to avoid using nonexperimental values.

4.3 How to Correctly Report DIPPR Values
Correctly using and citing DIPPR values can make data collection and processing easier as
well as increase the legitimacy of published findings. So far, common mistakes in the literature
have been discussed. With this information, a discussion of best practices for authors and
reviewers is appropriate. Following these suggested best practices will ensure the database is
interpreted correctly and is most useful to any who access it.

4.3.1

Understand Data Type

Before using values collected from the DIPPR database, make sure the Data Type selected is
appropriate for the application. All of DIPPR’s available data types and a brief description are
shown in Table 11. For process design, the “Accepted” DIPPR value is the best choice and is the
central use case for the database. For creating prediction methods, parametrizing group
contribution methods, or other scientific work, use only values that are based on experimental
data. DIPPR software and tools make this easy by allowing database searches based on Data
Type. If “Accepted” values are used for creating new estimation methods without reference to
Data Type, there is a risk of only replicating the effectiveness of past methods rather than
building new ones. This sort of error can introduce unforeseen uncertainty or even invalidate an
estimation method.
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Table 11: Data Type Designations and Their Meanings in the DIPPR 801 Database
Data Type

Meaning

Experimenta

Experimental Data

Predicted

Predicted Data

Exp&Pred

Experimental and predicted data

Defined

A constant value defined by an equation

Derived

Value calculated from well-established thermodynamic relationships

l

using other properties
Smoothed

Interpolated or smoothed data

Not

Values reported with no indication of how they were obtained

Specified

4.3.2

Reference Original Source

When using values or correlations from the DIPPR 801 database, cite DIPPR appropriately.
Additionally, reference the primary source including the original author or method used. The 801
database includes the source of each value or correlation where possible. Using the primary
source will ensure the property values are understood and reviewed in their original context. This
often allows a lower uncertainty to be assigned to property values. Primary source use will also
improve transparency in published papers and allow for proper credit to be given to original
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researchers. Finally, this will also allow more meaningful comparisons between researchers and
measurement methods.
In some cases, DIPPR uses internal methods to produce Predicted, Defined, or Derived
values in the database. Where DIPPR has produced values using internal methods, DIPPR should
be directly referenced. The database clearly indicates these values as having been produced via
an internal method. While these values are not experimental data, they represent the best
property estimates available. Cite these values as a DIPPR recommended value based on internal
methods.

4.3.3

Check Uncertainty

As discussed previously, to simplify the database and allow for staff insight into data
reliability, DIPPR uncertainty designations are quantized. This is often not representative of the
exact uncertainty that may be obtained from the original source of the value or correlation. Often
for correlations, the uncertainty may be much lower than the DIPPR-assigned uncertainty in
temperature regions that include experimental data.
Additionally, “Accepted” values and correlations do not necessarily imply low uncertainty.
Although a data point or a correlation may be “Accepted”, the data point or correlation for a
given property could have a large uncertainty. When using values, consider the uncertainty and
the needs of the application. This practice can inform whether more exact predictions or data
should be obtained, such as before a large capital investment.
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4.3.4

Examine Correlation Limitations

When using DIPPR recommended correlations, ensure the temperature range of the
correlation is representative of the application and avoid using any correlation outside of its
stated temperature range. As discussed previously, the uncertainty assigned to a correlation is
based on the data informing the correlation and regression uncertainty is still possible. Therefore,
correlation values far from experimental data can have a much higher error than the assigned
uncertainty level. For these reasons, checking the value sources and regression statistics is
important. Finally, use caution when using a correlation near the edges of its temperature range.

4.4 A New Algorithm for Searching the DIPPR Database
The October 2020 release of the DIPPR database has evaluated thermodynamic values for
2399 chemicals.1 These values can be sourced from experimental measurements, prediction
methods, family studies or other methods. Unfortunately, as detailed above, many researchers
use DIPPR values incorrectly. By following the usage guide and using only DIPPR accepted
values that are experimentally derived, researchers can avoid this problem.
However, there are often chemicals that will have experimental data in two disparate
temperature regions. This can be frustrating when trying to develop temperature-dependent
predictions, as a chemical can have a well-supported correlation without experimental data in the
region of interest. If strictly adhering to the usage guide, a chemical with an accurate correlation
but no experimental values in the temperature range required would be unavailable for use in
developing prediction methods. The method developed here attempts to solve this problem.
With modern database software, advanced database searches are easy to code. In developing
a QSPR for liquid heat capacity, it was clear more data were needed to create a valuable
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prediction method. This search method allowed the usable dataset to roughly double. The
method is as follows: first, search all chemicals in the database with experimentally based
temperature correlations. Next, from this list, filter out all chemicals that do not:
A. have accepted, experimental values within a given range of the searched temperature or
B. have experimental values both above and below the temperature range.
This method allows for use of correlations in regions with no experimental data without
sacrificing confidence in the dataset. An example of the search criteria on datasets is given in
Figure 12.

Figure 12: Example datasets to display the compound selection process at 400 Kwith a 5 K
range. Green circles denote accepted datasets, and red diamonds denote rejected datasets.
Because of the unique logic used in collecting data, the values available for regression are
increased significantly without a large sacrifice in reliability. In fact, correlations do not even
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need to have accepted values between the minimum and maximum temperatures for the
correlation to be used. This method can be refined for additional applications by changing the
acceptable temperature range, or even by biasing towards experimental values with lower
assigned uncertainty. This method is unique and initial publication of it is in review.
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5

A NEW QSPR FOR LIQUID HEAT CAPACITY

5.1 Introduction to Liquid Heat Capacity QSPR
Quantitative structure-property relationships (QSPRs) use regression techniques to relate
molecular descriptors to chemical properties. QSPRs can make useful prediction methods, but
the great difficulty arises in choosing the model and variables. Often, seemingly unrelated
descriptors can be correlated to properties of interest, leading to theoretical insights that can then
be used to refine model choice. In this work, we determined the best molecular descriptors for
liquid heat capacity. This work was undertaken in the hopes of finding descriptors that could
account for chemical association and improve prediction for these chemicals.
A recent paper in Molecules by Naef et al. noted that at a given temperature, there was a
linear correlation between liquid or solid heat capacity and the molecular volume, which is
defined here as the internal volume of the molecule.98 At 298.15 K, the correlation between the
liquid heat capacity and the van der Waals volume returns a mean absolute percent deviation of
only 8.23% and an r2 value of 0.9785. They noted that the correlations are improved when done
separately for alcohols and acids, polyols and polyacids, and non-oxygenated species. Results for
oxygenated species were poor without these modifications. They suggest that the effects of
hydrogen bonding and association give additional degrees of freedom that are not accounted for
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in the molecular volume correlation, but by separating the chemical families the fit of the
correlations is improved.
Fascinatingly, Naef et al. also demonstrated that this relationship could be found at many
temperatures if there are enough experimental data to inform the correlation. This suggests that
with an appropriate model linking the correlations, a prediction method for any temperature
range can be derived.
Unfortunately, molecular volume is a problematic molecular descriptor. The definition is
muddled and varies from work to work. Numerous researchers have discussed this concept, and
certain formulations find utility in specialized applications. For example, the van der Waals
volume is used in the UNIQUAC activity model, even though it is known to be an incomplete
measure of molecular volume, and the McGowan volume is used to find solubilities in high
pressure liquid chromatography.99,100 The molecular volume is an expression of the volume of
the electron cloud and nuclei of the molecule. However, an electron cloud doesn’t have a
definable size, but is more accurately a region of probability of finding an electron. Figure 13
shows how setting different probability limits can change calculated volume.
To get around this nuance, different researchers have assigned values of acceptable
probability or skirted around the issue entirely. Early estimates of the molecular volume used
spherical approximations and the van der Waals radii to sum over all atoms in the molecule.101
Bondi’s method for this is shown in Figure 14. Researchers quickly noticed that this method over
counts the volume because often the atomic spheres overlapped as shown in Figure 14, and
instead used group contribution methods with crystallographic or PVT data to get volumes.100-102
Some probed the molecular surface with solvent molecules to get an apparent molecular
surface.103 Others developed semi-empirical approaches with optimized molecular structures and
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electronic density distributions.104,105 However, depending on the counted probability chosen,
these values could range widely.

Figure 13: Methane at different certainties of electron field.Top left is with Corey-PaulingKendrew representation, top right is with 97% charge, bottom left with 98% charge, and bottom
right with 99%. Figure from Rellick et al.106
Rellick and Becktel noted that in using semi-empirical electron density methods, a change of
0.4% included electron charge could change the calculated volume by 10%.106 Naef and others
have proposed quasi-Monte Carlo integrations to get molecular volumes, but run into the same
issue of where to draw the limit of the orbital.98,107 Due to these inconsistencies in the definition
of the molecular volume, it is clear that a more clearly defined molecular descriptor could
provide a better a QSPR for liquid heat capacity and could perhaps overcome the problem with
oxygen-containing species.
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Figure 14: Formula for calculating van der Waals volume from atomic radii for a diatomic
molecule. Image and formula from Bondi.101
Another problem with many QSPRs are the data used for regression. Many authors will
neglect to publish their datasets, sources, and experimental methods, including the work from
Naef. This can be problematic, as many available values for chemical properties are from
predicted sources. In this work, we used the new method of searching the DIPPR database
described in section 4.4, ensuring that only high quality experimentally based values are used.
To determine the best descriptors for an LCP correlation, liquid heat capacity values were
collected from the DIPPR database using the novel search method discussed in section 4.4. For
molecules that had LCP data available, molecular structures were optimized using Gaussian and
molecular descriptors calculated via Dragon 7.12,108 Using the 5270 descriptors available, models
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were created and fit by minimizing sum of square errors (SSE) and sorted by SSE. All manner of
linear and non-linear models were considered. The most meaningful descriptors tended to
represent the molecular volume, the ionization potential, and electronegativity.
In this work, we propose using molecular descriptors that are theoretically more suited for
LCP accounting for the polarity of the oxygen bond and propose several new models that
improve on Naef’s previous work. We analyze the impact of these new descriptors on many
chemical families, especially for associating families Portions of this work were originally
presented at the 2020 AIChE Spring meeting, and a paper building on that work was published in
Molecular Informatics.109,110

5.2 Data Selection
The DIPPR database was searched for liquid heat capacity correlations based on the novel
search method discussed above with a temperature range of 5 K above and below the retrieved
temperatures. The temperatures studied here were 200 K, 300 K, and 400 K.
Chemicals that were above a reduced temperature of 0.9 at the test temperature were
removed before regression to remove heat capacity values with near-critical effects. Chemicals
were also removed in the infrequent case where a given descriptor was not calculable. Table 12
shows the number of species at each temperature. 831 unique chemicals were used in this
analysis.

5.3 Descriptor Calculation and Model Choice
A flowchart of the QSPR development method is shown in Figure 15. Once the necessary
data had been collected from DIPPR, it was necessary to calculate molecular descriptors.
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Optimized structures were obtained for all species. Structures were optimized using B3LYP/6311+G(3df,2p), but if calculation failed HF/6-31G* was used. The molecular structures were
submitted to Dragon 7 and 5270 descriptors were calculated for all species. Each temperature
group was split into training (80%) and testing (20%) groups.

Table 12: QSPR Chemicals Studied by Temperature
Temperature Level (K)

Total Chemicals

200

268

300

381

400

579

Figure 15: QSPR Development Flow Chart
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Next, various linear and nonlinear models were used to fit the training set descriptors to the
𝑐𝑐𝑝𝑝𝑙𝑙 using SSE as the target function. Linear models were found to give the best absolute average
deviation (AAD) and lowest standard deviation in error for the testing groups. For this reason,
we have focused on linear models of the form:
5.3.1
𝑐𝑐𝑝𝑝𝑙𝑙
= 𝑎𝑎𝑀𝑀𝑀𝑀2 + 𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑐𝑐
𝐽𝐽 𝑚𝑚𝑚𝑚𝑙𝑙 −1 𝐾𝐾 −1

where 𝑐𝑐𝑝𝑝𝑙𝑙 is liquid heat capacity, a, b, and c are parameters, and MD is a given molecular

descriptor.

Several descriptors did similarly well for predicting 𝑐𝑐𝑝𝑝𝑙𝑙 in linear models. However, after

analyzing the collinearity of the descriptors using STATA, single parameter models were

selected.111 The Variance Inflation Factor (VIF) calculated for meaningful descriptors can be
seen in Table 13. VIF is a measure of multicollinearity between variables. A VIF above 10
usually means a high degree of correlation. As seen in Table 2, the most successful descriptors
tended to be very highly correlated. For this reason, single parameter linear models were deemed
most appropriate.

5.4 Parameter Regression
Once optimum descriptors and models were selected, statistical information was regressed
using minimization of both sum of square errors and sum of absolute errors. In order to avoid
using a “preferred” fit for training and testing data sets, the training and testing sets were
randomized 15 times and regressed for fitting information. Additionally, parameters for the
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entire data set were regressed. The parameters for the most meaningful QSPRs are in Tables 1416, along with relevant statistical information.
Table 13: Collinearity Study for QSPR Descriptors by Temperature
200 K QSPRs

300 K QSPRs

400 K QSPRs

Descriptor

VIF

Descriptor

VIF

Descriptor

VIF

SpPosA_Dz(e)

89091.88

Ho_Dz(e)

755.05

Ho_Dz(e)

85.71

SpMaxA_Dz(e)

88594.41

Ho_Dz(i)

681.09

Eta_Epsi

56.29

SpMaxA_Dz(i)

113.66

Se

420.44

HTe

47.06

SP03

11.74

SpPos_G/D

206.74

VvDwZAZ

13.61

HTe

128.29

WiA_Dz(e)

17.97

5.5 QSPR Results
QSPR information is summarized in Tables 14-16. As noted above, both SSE and SAE were
used to optimize values, but for the studied temperatures better results were obtained for SAE.
For this reason, the information in Tables 14-16 are calculated using SAE. Overall, models
optimized using SSE tended to have a slight negative bias, and models using SAE tended to have
a positive bias. A parity plot is shown for 400 K QSPR models in Figure 16.
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Table 14: QSPR Information, 200 K Liquid Heat Capacity
Molecular

Parameters

Average of Training Sets

Average of Testing Sets

Descriptor
a

b

c

Average

Standard

Average

Average

Standard

Average

Error

Error

Absolute

Error

Error

Absolute

Error

Error

SP03

10098

-14864

97089

2.06%

12.07%

9.09%

2.38%

11.41%

8.75%

VvdwZAZ

1.2

1023

342412

1.08%

13.58%

9.19%

1.44%

12.08%

9.22%

SpMaxA_

7521

48816

50443

1.45%

10.96%

7.51%

1.36%

11.37%

8.22%

6479

52322

50074

1.58%

10.99%

8.04%

2.67%

10.45%

8.25%

0

70727

39084

1.48%

12.00%

8.48%

2.38%

12.15%

8.51%

Dz(i)
SpPosA_D
z(e)
SpMaxA_
Dz(e)

As Tables 14-16 and Figure 16 show, good results are obtained using this method. For the
models given, training and testing set statistics show a good overall fit (most models under 10%),
low overall bias (most models under 2%), and a relatively small spread of errors (68% of
predictions within +/- 15% in most models.) There are some systematic concerns, however. As
seen in Figure 5, a segment of the data seems to show a linear relationship at a higher slope than
the total fit. This line is largely made up of organic acids. We will discuss specific family
concerns in below, but it is clear that the descriptor models used here do not resolve the issue of
oxygen containing species.
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Table 15: QSPR Information, 300 K Liquid Heat Capacity
Molecular

Parameters

Average of Training Sets

Average of Testing Sets

Descriptor
a

b

c

Average

Standard

Average

Average

Standard

Average

Error

Error

Absolute

Error

Error

Absolute

Error

Error

Ho_Dz(i)

34.9

17478

67417

-0.38%

13.38%

9.05%

-0.47%

14.19%

9.45%

Ho_Dz(e)

55.0

16841.8

66693.2

-0.52%

13.74%

8.87%

-0.47%

13.74%

9.13%

HTe

67.7

11422

59789

0.47%

13.13%

10.05%

1.18%

12.37%

9.50%

Se

18.8

7848

57045

0.54%

15.51%

10.61%

1.63%

13.34%

10.20%

SpPos_G/

14.5

7196

70378

1.39%

14.84%

11.06%

1.06%

14.19%

10.70%

-73.1

93974

58166

2.79%

13.13%

9.35%

2.06%

12.38%

8.80%

D
Wia_Dz(e)

5.5.1

Family Study and the Case for QSPR

The average absolute deviation (AAD) for several chemical families can be seen in Table 17
for the QSPRS at 400 K. Similar tables for the other temperature ranges can be found in
Molecular Informatics.110 For choosing a prediction method by family, the best performing
model for a given temperature is highlighted in green, and the worst in red. Family data were
only included if there were at least 4 members at a given temperature.
One of the benefits of using QSPR vs a more traditional prediction method like group
contribution is the versatility QSPR provides. Group contribution methods often cannot be used
for important groups such as salts, silanes, siloxanes, and other inorganic species. However,
56

molecular descriptors are often available for these species and QSPR can provide values for
these compounds. Several of these unorthodox families are shown in Table 17 below, with good
results.
Table 16: QSPR Information, 400 K Liquid Heat Capacity
Molecular

Parameters

Average of Training Sets

Average of Testing Sets

Descriptor
a

b

c

Average

Standard

Average

Average

Standard

Average

Error

Error

Absolute

Error

Error

Absolute

Error

Error

Eta_epsi

33.0

23383

25726

0.33%

15.40%

9.77%

0.11%

14.38%

9.23%

Ho_Dz(e)

0

23471

59202

1.05%

14.58%

9.47%

0.63%

14.96%

9.55%

Ho_Dz(e)

648

18542

87441

0.86%

14.43%

9.22%

0.88%

15.08%

9.54%

HTe

0

17019

53433

1.30%

12.50%

9.38%

1.29%

12.10%

9.22%

HTe 2nd

46.6

15355

64927

0.93%

12.39%

9.03%

0.78%

12.84%

9.37%

1.5 order

order

As noted above, poor results were obtained for many compounds with oxygen bonds. These
included alcohols (especially at 300 and 400 K), acids, polyols, and epoxides. However, other
oxygen containing families performed well, such as esters, ethers, aldehydes, and anhydrides. It
would seem that the structural component that causes poor performance is the ability to form
hydrogen bonds, not solely the oxygen atom. This is confirmed by the high deviation of the
amines, especially at lower temperatures.
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Figure 16: Parity Plot for 400 K QSPRs.
5.5.2

Using QSPRs for Temperature-Dependent Correlations

As noted above, the QSPRs given here provide liquid heat capacity values at the specified
temperatures. However, heat capacity changes with temperature and having a correlation for the
liquid heat capacity-temperature relationship is important in many engineering applications.
DIPPR has found that a simple polynomial equation of this form is adequate for most species:
5.5.2-1
𝐶𝐶𝑝𝑝𝑙𝑙 (𝑇𝑇) = 𝐴𝐴 + 𝐵𝐵𝐵𝐵 + 𝐶𝐶𝑇𝑇 2 + 𝐷𝐷𝑇𝑇 3 + 𝐸𝐸𝑇𝑇 4

Most applications can be fit while setting D and E to zero. Many families that work with
QSPR cannot be predicted with traditional estimation methods. Fitting Equation 5.5.2-1 using
the QSPR predictions given here can give a useful temperature-dependent correlation for
engineering applications for these species.
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Table 17: QSPR Performance by chemical family at 400 K.The best QSPR for a family is
highlighted in green, and the worst performing in red.

Descriptor
Alcohols
Aldehyde
Alkanes
Alkenes
Amines/Imines
Anhydride
Bromo-compounds
Chlorides
Epoxides
Esters
Ethers
Fluorocarbons
Formates
Glycerides
Inorganics
Iodo-compounds
Isocyanates/Diisocyanates
Ketones
Mercaptans
Nitriles
Nitro Compounds
Organic Acids
Organic Salts
Polyols
Hydrocarbon Rings
Silanes/Siloxanes
Sulfides/Thiopenes

Eta_epsi
19.3%
4.4%
5.5%
5.7%
7.1%
13.7%
10.6%
13.4%
16.0%
8.4%
6.0%
4.3%
5.7%
20.4%
13.7%
2.9%
5.8%
7.9%
13.6%
22.8%
22.2%
10.9%
3.7%
11.7%
4.8%

Ho_dz(e) 1st
order
19.1%
4.9%
1.6%
2.3%
9.0%
8.0%
10.8%
18.5%
5.9%
7.1%
6.6%
4.0%
4.7%
21.8%
18.3%
4.8%
3.2%
12.3%
13.2%
26.6%
5.6%
17.0%
8.3%
7.2%
4.3%

400 K
Ho_dz(e) 1.5
order
18.2%
6.5%
2.3%
2.3%
8.2%
9.6%
14.7%
20.5%
8.1%
6.9%
6.3%
3.4%
2.3%
18.3%
17.6%
5.3%
4.1%
12.5%
13.4%
26.1%
6.9%
15.9%
7.7%
6.9%
6.9%

HTe 1st
order
16.6%
5.0%
5.4%
4.4%
7.3%
3.2%
7.4%
11.2%
14.9%
5.7%
6.1%
4.2%
7.7%
15.2%
7.3%
7.5%
6.5%
11.3%
12.6%
18.9%
10.0%
15.9%
9.7%
7.4%
5.7%

5.6 QSPR Conclusions
This work was undertaken to see if there were molecular descriptors that could neatly tie up
association. However, no significant improvement was found beyond Naef on that front. We did
find that molecular descriptors that weighted electronegativity of constituent atoms and
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HTE 1.5
order
16.7%
5.0%
4.0%
4.0%
7.3%
2.8%
6.4%
10.7%
15.2%
5.7%
6.0%
3.8%
4.6%
17.3%
7.4%
7.2%
6.4%
9.9%
12.0%
18.5%
10.3%
16.2%
9.2%
7.2%
4.7%

ionization potential performed similarly or better than models that only represented molecular
volume. We would expect that accounting for these variables would improve performance in
associating species, but this was not the case. From this work, we can state that new descriptors
that can account for intermolecular interactions are needed for QSPR methods to work well on
associating species. However, new prediction methods that can predict for oft-ignored chemical
families were developed, and this in itself is a significant contribution.
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6

THE BLOXHAM LIMIT

While working on the liquid heat capacity QSPR, an upper limit to organic liquid heat
capacity limit was discovered. While not solely focused on the prediction of thermophysical
properties of associating chemicals, this discovery will have a profound effect on data analysis,
process design, and potentially start a new family of prediction methods. This section discusses
the discovery of this limit, its applicability across temperature ranges and families, a test case,
and some hypotheses of the theoretical source of this phenomenon.

6.1 Introduction
The DIPPR project maintains a database of over 2000 complete chemical data profiles.1
DIPPR uses thermodynamic relations, prediction methods, and other heuristics to ensure the
chemical data in each profile is consistent with itself and its chemical family. These profiles are
frequently reviewed and updated as new data are published in the literature. Adding new
chemicals to the database and keeping up with new literature values requires analyzing
mountains of sometimes conflicting values. Tools that can quickly highlight potentially
problematic data or predicted values are invaluable in this process. The method presented here is
particularly useful in identifying problems in liquid heat capacity data, as will be discussed
below.
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Liquid heat capacity is an important property in the design of many industrial processes.
While experimental data are best when designing operations, this isn’t always feasible for every
species. This is especially true in the early phases of a project before bench top or pilot
operations are undertaken. Many widely used predictions for liquid heat capacity are based on
the group contribution principle, but there have been successful corresponding states approaches
as well.112 While the findings presented here do not constitute a full prediction method, in this
work a modified corresponding states approach using reduced temperatures is used to give a high
limit for organic species liquid heat capacity. When used in conjunction with other prediction
methods, engineers and scientists can have a higher confidence in liquid heat capacity values.
This can be useful in designing for “worst case scenario” design of heat exchangers and other
capital equipment.

6.1.1

The Limit

As noted above, looking at data in terms of reduced temperatures (the corresponding states
principle) can be instructive in gleaning trends and understanding. Figure 1 shows the DIPPR
accepted liquid heat capacity values for the n-alkane family at 300 K with the reduced
temperature of each species at that temperature. This plot is unique in that each point is a
different chemical. Thus, it is the critical temperature value changing from point to point rather
than the temperature.
As would be expected from a family plot, the values shown in Figure 1 form a nice trend that
could be extrapolated or interpolated to find non-represented family member values. Consider
Figure 2, where are all DIPPR compounds with accepted liquid heat capacity at 300 K are
plotted.
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Figure 17: 300 K n-alkane liquid heat capacity vs reduced temperature.Liquid heat capacity
values are from DIPPR correlations at 300 K, and reduced temperatures calculated using
DIPPR accepted critical temperatures. Largest and smallest alkanes in the liquid phase are
labeled to improve legibility. Extrapolated values of subcooled liquid heat capacity used for
carbon numbers above n-heptadecane.
Figure 2 shows a surprising result; despite the variety of chemical species in the database,
representing almost all chemical families and functional groups, the trend line of the n-alkane
family is above or to the right of almost all liquid heat capacity values. Adding in the expected
subcooled values of larger n-alkanes (extrapolated from their DIPPR liquid heat capacity
correlations) provides excellent extrapolation of the limit line. Thus, the trendline of the n-alkane
family heat capacity with reduced temperature could be used as an upper limit for heat capacity
63

1

predictions. This limit works for a wide temperature range and across many chemical families as
will be discussed below.
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Figure 18: 300 K organic liquid heat capacity vs reduced temperature at 300 K.Blue dots
indicate DIPPR accepted liquid heat capacity for non-n-alkane species, and n-alkane values are
denoted with red triangles.

6.2 Temperature Independence

6.2.1

Data Selection

Before moving on, the data selection process should be discussed. At each temperature value
investigated, accepted liquid heat capacity values were sourced from the DIPPR database along
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with critical temperatures. The temperatures and total species at each temperature is contained in
Table 1. Note that some species were used at several temperatures, thus the total number of
species is lower than the sum of all temperatures.
Table 18: Bloxham Limit Temperatures and Species
Temperature (K)

Chemical Species

200

686

300

854

400

903

500

969

As noted above, not all data that is accepted by DIPPR is experimentally based.95 Accepted
data in the DIPPR database can be predicted, calculated, or experimental, but are
thermodynamically consistent with related properties. Outliers to the limit were investigated, and
if their liquid heat capacity values were predicted the values were removed. We justify the use of
accepted values rather than specifying only experimental because this work suggests a limit
rather than a prediction method and does not require regression or any statistical analysis that
would be muddled by predicted values.

6.2.2

Applicable Temperature Ranges

The values shown above at 300 K in Figure 18 were first discovered when working on the
QSPR project in section 5. To test whether this phenomenon occurred only around 300 K or was
more widely applicable, data were collected at 200, 300, 400, and 500 K as noted above in
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section 6.2.1. This temperature range was selected because most commercial liquid processes are
in this range.
Figure 19 contains all accepted liquid capacity values at the listed temperatures with the
corresponding reduced temperatures. The limit at all temperatures was also the n-alkane family
trendline at the given temperature.
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Cp at 300 K
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Figure 19: Organic liquid heat capacity vs reduced temperaturesat 200, 300, 400, and 500 K.
Heat capacity at 500 K is yellow, 400 K us blue, 300 K is orange, and 200 K is grey.
While only these temperatures were studied, it is expected that at any intermediate
temperature the limit would hold up, as well as at temperatures above and below where n-alkanes
are still in the liquid phase.
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1

6.2.3

Limit Line Equations

The following are equations for the limit lines shown in Figure 19. The equation parameters
are noted in Table 19.
6.2.3-1
𝑝𝑝

𝐶𝐶𝑙𝑙
𝐴𝐴
=
− 𝐶𝐶
𝐽𝐽
−
𝐵𝐵
𝑇𝑇
𝑟𝑟
�
�
𝑚𝑚𝑚𝑚𝑚𝑚 𝐾𝐾
Table 19: Parameters for limit lines at studied temperatures using equation 6.3.2.1. Given in
J mol-1 K-1
A

B

C

r2

200 K

56.980

0.168

-46.909

0.9999

300 K

64.194

0.286

-2.270

0.9999

400 K

127.386

0.345

-3.422

0.9999

500 K

202.732

0.425

-66.897

0.9999

6.3 Family Studies
The limit studied here has been discussed for use in organic compounds. However, as
definitions of the term “organic” tend to differ, observed exceptions to this limit should be noted.
We will also look at patterns in family trend compared to the limit.
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6.3.1

Family Exceptions
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Figure 20: Family breakdown with liquid heat capacity and reduced temperature at 400 K.
As seen in Figure 4, the observed limit is not followed for many fluorinated compounds.
Others, however, are below or near the limit. A closer examination of the fluorinated species
shows that the higher degree of fluorination, the more likely it is to be above the limit. However,
other halogenated species containing bromine, iodine, and chlorine follow the limit in this
dataset. This is likely due to the strong polarity of the fluorine atom and the reduced critical
temperatures of fluorocarbons when compared to other halogenated species. It seems likely that
increasing the number of any halogens on an atom would likewise increase the likelihood of
being over the limit, but there are fewer highly halogenated species that are non-fluorine in the
database.
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Another family that fails the limit are siloxanes. Silanes, however, which may or may not be
organic depending on the definition, seem to follow the limit well. Siloxanes, as seen in Figure 4,
tend to be well above the n-alkane trendline. This is likely because additional siloxane bonds in a
compound reduce the critical temperature when compared to a similarly sized silane, as shown in
Figure 21. Shifting the critical temperatures leads to moving the heat capacities above the limit.
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Figure 21: Siloxanes and silanes molecular weight and critical temperature.Siloxanes are
orange triangles, silanes are blue circle.
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6.3.2

Common Family Analysis

Figure 22 contains a closer view of family trends at 298.15 K. Alkanes and alkenes have
similar values and trends, with alkenes slightly below the n-alkane trend. However, as the
polarity of a chemical family increases, the more the trend deviates downward from n-alkanes.
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0.65
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Figure 22: Family study at 298.15 K. Liquid heat capacity from DIPPR accepted values.nalkanes (red triangles), alkenes (black circles), n-amines (yellow squares), alcohol (green
dashes), aldehydes (purple circles), and carboxylic acids (blue diamonds.)

6.4 Applicability
The n-alkanes are likely the most studied class of chemicals. Because of the wide amount of
available data, DIPPR has highly accurate liquid heat capacity correlations for most n-alkanes.
With these correlations, n-alkanes trendlines can be created at many temperatures. Nearly any
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temperature considered for process design or data point in literature could easily be checked by
creating a trendline. Figure 23 shows how the n-alkane trend line can be created at a variety of
temperatures.
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Figure 23: n-alkanes liquid heat capacity family trend at several temperatures.Temperatures are
as labeled, and n-pentane, n-decane, n-eicosane, and n-triacontane are labeled for easy
comparison.

With the availability of n-alkane liquid heat capacity data scientists and engineers can
quickly see potential outliers in literature data or plan for the highest theoretical need in heat
exchanger design. The limit allows for design engineers to plan for the “worst-case scenario”
before any benchtop or pilot plants are needed. Below, we look at a test case where this limit
could be used in analyzing data during a DIPPR review.
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1

6.4.1

Test Case

While the limit can be useful for plant design and putting limits on data regression, DIPPR
and other databases can use the limit to make decisions about choosing preferred datasets and
predictions. In this test case we look at how the limit can be used to quickly choose values for
diethylamine.
Diethylamine has three experimental liquid heat capacity sources in the DIPPR
database.1,31,113,114 Two of the sources (Riddick,Washburn) consist of a single point each, while
the third (Costas) is much more recent, has several temperature points, and reports a lower
uncertainty. While these points are similar, when exploring predictions for extrapolation there
are some issues. DIPPR’s preferred prediction methods (other than thermodynamic consistency)
are the Lee-Kesler, Ruzicka-Domalski, but the Chueh-Swanson is also used if
approprirate.11,112,115 These data and prediction methods are plotted in Figure 24.
Also plotted in Figure 24 is the observed limit. This was calculated by finding the limiting
value at each reduced temperature over the studied temperature range and fitting to a standard
polynomial.
Since the data are all very similar, none of them can be rejected out of hand. All three sources
are within each other’s uncertainty. The Riddick and Costas datasets agree well with both the
Chueh-Swanson and Lee-Kesler predictions and are within the limit. However, the Washburn
point seems to favor the Lee-Kesler. It seems reasonable to accept all these data points. Because
the temperature of the three datasets are so similar, a prediction method is useful in deciding the
rest of the curve. Both the Chueh-Swanson and Lee-Kesler are close the data values, but ChuehSwanson quickly goes over the limit and can be ruled out. With this line of reasoning, it is clear
that the Riddick and Costas data with the Lee-Kesler prediction method are the best estimate of
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the liquid heat capacity for diethylamine. This analysis agrees with the findings of the DIPPR
evaluators but was done much more quickly.
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Figure 24: Diethylamine data and predictions. The limit is blue dashed line, Lee-Kesler is
orange wide-dashed line, grey line is Chueh-Swanson, Ruzicka-Domalski is navy line, Riddick
datum is light blue circle, Washburn datum is green diamond, Costas data are brown squares.

6.5 Potential Theoretical Basis
A rationalization for the Bloxham limit can be found in statistical mechanics. For an ideal gas
at relatively low temperatures, energy is stored is translational, rotational, and vibrational
modes.116 We will leave the derivation for other texts, but using the partition functions of these
modes can allow us to calculate an ideal gas heat capacity for a nonlinear polyatomic species.
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6.5.1
This equation shows that the ideal gas heat capacity is largely dependent on the vibrational
modes of a chemical species as shown prominence of the characteristic vibrational temperatures,
𝜃𝜃𝑣𝑣𝑣𝑣 . The rotational and translational modes simplify to 3/2 each, and the difference between the

theoretical heat capacity is left to the vibrational modes.
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Figure 25: Ideal gas heat capacities of n-hexane (blue), 1-hexene ( orange), and 1,4-hexadiene
(grey.)Values from DIPPR correlations.1
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While working with ideal gas heat capacity is a simplification from the liquid heat capacity
by disregarding the energy changes from the ideal gas to a real liquid, we can provide additional
proof by looking at a test case of n-hexane, 1-hexene, and 1,4-hexadiene. These species are very
similar, except each has a slightly different number of vibrational modes and slightly different
mass. The ideal gas heat capacities of the three species are shown in Figure 25.
Figure 26 shows these same species’ liquid heat capacity. While some of the correlation
trends may change, the general order seen in Figure 25 is still followed. The highest liquid heat
capacity is the alkane, then the alkene, and then the dialkene. We expect the Bloxham limit exists
because alkanes have the highest number of vibrational modes of organic species.
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Figure 26: Liquid heat capacities of n-hexane (blue), 1-hexene ( orange), and 1,4-hexadiene
(grey.)Values from DIPPR correlations.1
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6.6 Future Work and Conclusions
The Bloxham limit work has been submitted for publication and is in review in International
Journal of Thermophysics. When it is published, the DIPPR project will have a valuable new
tool for choosing liquid heat capacity correlations, engineers will have a way to estimate the
highest expected heat capacity in a process, and researchers building prediction methods will be
able to set upper limits for regression or check their findings.
As stated above, we expect the Bloxham limit to lead to a new family of prediction methods.
Many properties have a strong correlation to their critical temperature, and it is possible that
many of these properties could have their own limit. Another potential avenue of work is in
finding a way to define deviation from the limit. As shown in Figure 22, families seem to deviate
from the limit in predictable ways. By quantifying deviations from the limit, a prediction method
based on the Bloxham limit could be created.
While this work does not directly contribute to the goal of improving thermodynamic
consistency in associating species, this work has made a significant contribution to the field of
thermodynamics. It also furthers DIPPR’s ability to quickly analyze data and improve the
database.

76

7

USING IDEAL GAS HEAT CAPACITY TO PREDICT LIQUID HEAT
CAPACITY

An accurate correlation for the ideal gas heat capacity (ICP) is needed to use the derivative
method to calculate liquid heat capacity with the derivative method. Values from the equation of
state are combined with the ICP in the following way:
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7.0.1

By combining the last three terms of equation 7-1, this equation can be expressed as:
𝑟𝑟𝑟𝑟𝑟𝑟
𝐶𝐶 𝑙𝑙𝑝𝑝 = 𝐶𝐶 𝐼𝐼𝐼𝐼
𝑝𝑝 + 𝐶𝐶𝑝𝑝

7.0.2

Using the ideal gas heat capacity and an accurate expression for the residual heat capacity,
we can calculate the liquid heat capacity. This becomes more interesting when we realize that
many of properties of molecules responsible for residual heat capacity (i.e. availability and
energy of vibrational modes in chemical bonds) are the same as the properties that define ideal
gas heat capacity. The large part of residual heat capacity that is unrepresented in ICP is the work
done by taking the species to real pressures and temperatures. If we assume that the portion of
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residual heat capacity responsible for shifting to non-ideal conditions is similar in all species and
the other portions correlate highly with ideal gas heat capacity, then it is possible to predict the
liquid heat capacity solely using the ICP. In this section, we discuss why this would be useful,
data selection methods, and a prediction method based on this idea.

7.1 Calculating Ideal Gas Heat Capacity
The equation used for calculated ideal gas heat capacities from vibrational modes is shown in
equation 6.5-1. This equation works for all species (though may need to be adjusted depending
on the shape of the molecule) and the tricky part is in calculating the vibrational modes. These
can be found experimentally using infrared spectroscopy, but for species with a large number of
bonds this becomes increasingly difficult. An easier solution is to use quantum simulation
software like Gaussian to solve the Schrodinger equation and calculate the modes directly.12 This
is currently DIPPR’s preferred prediction method and can be very accurate. Table 20 shows the
results of ideal gas heat capacity experiments and predictions using ab initio calculations.
Table 20: Ab initio methods vs experimental values
Compound
bis(difluoromethyl)ether117
octafluoropropane118
1,1,1,3,3,3hexafluoropropane119
1,1,1,2,3,3,3heptafluoropropane120
1,1,2,2,3-pentafluoropropane119
hexafluoroethane121
pentafluoroethane122
1,1,1-trifluoroethane123
1,1-fluoroethane124
chlorodifluoromethane125

Ab Initio Absolute Errors - MP2
1.20%
2.25%

chlorine126

0.26%

2.64%
2.74%
1.67%
1.11%
0.94%
1.16%
0.44%
0.20%
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Ideal gas heat capacities can be calculated very accurately using ab initio methods for all
species. Liquid heat capacity predictions, however, are not always accurate and often have
limited applicability. For these reasons, a prediction method for liquid heat capacity based on
ideal gas heat capacity would be very useful for DIPPR.

7.2 Data Selection and Testing
The DIPPR database was searched for all accepted and unevaluated experimental liquid heat
capacity data points. For each of these points, the corresponding ideal gas heat capacity was
calculated using the accepted ICP correlation at the experimental temperature. Data points at
greater than 90% of the critical temperature were removed to eliminate supercritical effects.
Monatomic elements, diatomic gases, and linear molecules were removed due to the different
statistical mechanical definition of the ideal gas heat capacity. These filters reduced the dataset to
approximately 1000 unique compounds and 25,000 datapoints. The ratio of the experimental
liquid heat capacity to the corresponding ideal gas heat capacity from DIPPR was analyzed. The
ratios were distributed normally, as shown in Figure 27.
The average ratio of ideal gas heat capacity to liquid heat capacity of for this dataset was
65%, with ~95% of the data having a ratio between 50 and 80%. The data were normally
distributed with a slight tail to the left. However, the ratio data are likely normal enough for
standard statistical analysis. This ratio test shows that experimental heat capacity is related to
ideal gas heat capacity in a predictable and useful way. One potential use of this ratio test is to
quickly identify problematic experimental data by calculating the corresponding ideal gas heat
capacity and comparing the ratio to Figure 27. Another use of this relationship is that an accurate
prediction method can be created.
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Figure 27: Ratios of DIPPR ICP to experimental LCP.

The relationship between the ideal gas heat capacity and liquid heat capacity collected above
were fit to a first-order polynomial, with the ideal gas heat capacity used as the variable. The r2
of the correlation was 0.966, showing a high degree of correlation. Correlation values and
regression statistics are shown in Table 21, and Figure 28 plots the relationship.
Table 21: ICP to LCP Prediction Method Statistics
Experimental Liquid Heat Capacity Points

25498

Compounds

1030

Average Absolute Error

7.2%

Average Error

0.55%

σ of Error

10.0%

Standard Error

0.0005%

Upper 95% Confidence Band

20.58%

Lower 95% Confidence Band

-19.47%
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Figure 28 : Ideal heat capacity vs experimental liquid heat capacity. Fit to linear relationship.
This prediction method has proved highly accurate. 95% of prediction absolute errors are
within ±20% and the prediction has little bias. It is important to note that this remains a
preliminary report, as work is currently being done on this project and will continue with another
graduate student. We expect the predictions to improve with more data analysis and with a closer
inspection of model choice. There is clearly still some structure that is unaccounted for in the
model shown in Figure 28, and we expect a more advanced model could return even better
results. We also plan to study the usefulness of this method for individual chemical families.
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This work will be published upon completion. However, a test case with a recent DIPPR review
sheds light on the potential usefulness of this method.

7.3 Test Case – Methacrylates
While adding the methacrylate family to the database, there was a confusing dataset with noctyldecyl methacrylate. The derivative method worked well with all other considered
methacrylates, but n-octyldecyl methacrylate had a dataset from an industry source that could not
be matched with the derivative method regardless of the chosen prediction for Tc. These values
are shown in Figure 29.
In calculating the ICP-LCP ratio discussed above for these values, the dataset is well outside
the limits. In fact, the ideal gas heat capacity is larger than the portions of the experimental liquid
heat capacity dataset. Using this ratio test, we can deduce that the dataset is inaccurate and can
be removed from consideration.
This prediction method has several benefits over current liquid heat capacity predictions.
First, the accuracy of this test set with such a wide range of chemicals rivals the best group
contribution methods. Second, there are no chemical species that are excluded from using this
method, as any molecular configuration and atomic makeup can be represented in Gaussian for
ICP prediction. Many other liquid heat capacity methods cannot represent inorganic species or
all molecular configurations. This gives the ICP to LCP prediction method a huge advantage
over the current methods.
As an example, the Ruzicka-Domalski liquid heat capacity prediction is one of the best
methods in both accuracy and temperature-dependence. However, the method has only been
regressed for compounds containing C, N, O, halogens, and S. For compounds containing any
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other element, such as the industrially important organophosphates, the Ruzicka-Domalski would
be useless. The ICP to LCP method, however, can represent any molecule.
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Figure 29: Derivative method predictions for n-octadecyl methacrylatewith different critical
temperature predictions with disputed dataset.
Finally, the use of this method, and particularly the ratio test, as a quality check for DIPPR
would be easy to implement and effective in both liquid and ideal gas heat capacity. In sifting
through the experimental data used in this work, many cases have been found where the DIPPRaccepted ideal gas heat capacity is larger than experimental data. It may be that the experimental
data was added after the chemical review, but a quick quality check comparing the ICP to LCP
would show that the ICP or LCP correlation should be updated. This work has the potential to
radically change how DIPPR predicts liquid heat capacity.
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8

EQUATION OF STATE IMPROVEMENTS

8.1 DIPPR’s Current Equation of State
DIPPR currently uses the Soave-Redlich-Kwong (SRK) equation of state for calculation of
the vapor volume for the Clapeyron equation and the derivative method.127 This equation of state
is a modification of Redlich-Kwong (RK) equation of state with a modified alpha function with
improved temperature dependence.128 While the SRK is a successful equation of state, it
explicitly states that it does not work for polar compounds, which excludes associating
compounds. Additionally, there has been nearly 50 years of equation of state research since
Soave published his equation of state.
It is clear why DIPPR has not moved on to a more advanced equation of state. The SRK has
some advantages over more modern equations of state. The SRK requires only a critical
temperature and pressure and an acentric factor to estimate properties. Prediction methods for
these inputs are widely available and relatively accurate.94,129-133 DIPPR doesn’t need much
information to have a reasonable estimate of the vapor-properties needed for calculating the heat
of vaporization and residual heat capacity. However, because of the failings of the SRK with
regards to associating chemicals, it is recommended that new equations of state are used to
improve property prediction.
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8.2 Potential Replacements

8.2.1

Available Methods

Cubic equations of state remain popular due to the analytic solutions for properties and their
ease of use. However, there have been many innovations in equation of state theory, many of
them dedicated to solving the problem of association. An early attempt to address association
was created by Hayden and O’Connell. Their method uses a modified cubic structure that relies
on a kinetic term to relate the relative populations of bound and free molecules in a fluid.134 This
approach has been successful for chemical species that form dimers in solution such as
carboxylic acids, but is less accurate for species with more complicated molecular configurations
in solution. For example, alcohols and amines are poorly represented with this approach.
Despite these drawbacks, the Hayden-O’Connell method began a vein of methods known as
chemical approaches to association. These approaches are limited by how accurately the
oligomerization reactions in solution are known.
A more successful group of approaches is based on Wertheim’s thermodynamic perturbation
theory.135 Wertheim, known to most of the students at his university for swimming in the icy
Lake Superior, ingeniously implemented principles of graph theory to account for directional
attractions in polar and associating chemicals.136 Rather than treating chemical reactions in a
fluid, Wertheim-based approaches define the directional intermolecular forces by adding
additional terms in the residual Helmholtz energy for chain segments, chain length, and
association. These approaches are often called statistical associating fluid theory (SAFT)
methods.
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Engineers took a look at Wertheim’s extensive theory and decided it could use some
modification for practical usage. Huang and Radosz simplified the additional terms by creating
association schemes for common cases.137 Most of the following SAFT-based equations of state
use Huang-Radosz designations. SAFT equations of state are particularly interesting for use in
DIPPR for prediction of thermodynamic properties because the association behavior does not
have to be known or understood to calculate values. This is because the values calculated are
only a function of physical intermolecular forces, not any known oligomerization reaction.138

8.2.2

Cubic Plus Association

While there are many SAFT-based approaches (PC-SAFT, s-SAFT, SAFT-VR, GV-SAFT,
etc.) the cubic plus association (CPA) equation of state could be particularly useful for DIPPR’s
uses. The CPA is a modified cubic equation of state that combines the best of both SAFT and
traditional methods. It has the appropriate parameterization to represent association but in the
absence of strong intermolecular forces will simplify to the SRK.139 In pressure explicit form, the
CPA is:

𝑃𝑃 =

𝑅𝑅𝑅𝑅
𝛼𝛼(𝑇𝑇)
1 𝑅𝑅𝑅𝑅
1 𝛿𝛿 ln(𝑔𝑔)
−
− � � �1 +
� � 𝑥𝑥𝑖𝑖 ��1 − 𝑋𝑋𝑎𝑎𝑖𝑖 �
𝑉𝑉𝑚𝑚 − 𝑏𝑏 𝑉𝑉𝑚𝑚 (𝑉𝑉𝑚𝑚 + 𝑏𝑏) 2 𝑉𝑉𝑚𝑚
𝑉𝑉𝑉𝑉 𝛿𝛿 � 1 �
𝑖𝑖
𝐴𝐴𝑖𝑖
𝑉𝑉𝑚𝑚

8.2.2-1

𝑉𝑉𝑚𝑚 is the molar volume, 𝛼𝛼(𝑇𝑇) is an alpha function, 𝑥𝑥𝑖𝑖 is the mole fraction of species i, and

𝑋𝑋𝑎𝑎𝑖𝑖 is the fraction of sites type A on species i that are unbonded. 𝑋𝑋𝑎𝑎𝑖𝑖 is a function of the

association term, and g is a radial distribution function. The definitions of these functions are in
the literature and use the Huang-Radosz association scheme.139
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For a pure-component system, the CPA needs 5 parameters, three of which are the same as
the values used in the SRK (Tc, Pc, and ω). The other two are ∈𝐴𝐴𝑖𝑖 𝐵𝐵𝑗𝑗 , a measure of association

energy, and 𝛽𝛽 𝐴𝐴𝑖𝑖 𝐵𝐵𝑗𝑗 , the volume of interaction between sites A and B. These parameters are fit to
experimental data, and if enough data are available all 5 parameters can be fit simultaneously.
DIPPR often does not have enough data to regress 5 parameters for an equation of state,
though there are prediction methods for normal boiling point, critical temperature, and vapor
pressure that can provide estimates for equation of state regression. There are tentative methods
for predicting the association parameters, including group contribution methods and quantum
chemistry calculations.140-144 While some report good results for replicating experimental data,
more work is needed. DIPPR has expertise in both group contribution development and quantum
calculations of chemicals, and could develop better prediction methods for these parameters.
The CPA equation of state is an excellent choice for DIPPR to improve prediction of
thermodynamic properties via the derivative method. It is simpler and easier to implement than
many of the more advanced SAFT methods, and has many similarities to the SRK model already
in use. While there are some potential difficulties in procuring parameters of association for
compounds that are not well studied, DIPPR has the expertise to develop prediction methods for
them that improve on the work being done in the field.

8.3 Improvements by Updating to CPA
While most researchers working in equation of state development are interested in replicating
vapor and liquid densities, there has been some research into calculation of derivative properties
using CPA and other SAFT equations of state. Palma et al. evaluated the CPA (substituting the
SRK alpha function for the Mathias-Copeman) for accuracy in derivative properties.145,146 They
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found that by using heat capacity values in regression with liquid density and vapor pressure
data, drastic improvements were made in derivative properties without sacrificing the ability to
represent molar volumes. These properties are shown in Figure 30.
While similar work for acids have not shown as good of results for prediction of derivative
properties, the use of the CPA for the n-alkanols to such good effect is an encouraging sign that
upgrading from the SRK to the CPA would benefit the DIPPR database.147

Figure 30: Liquid densities and heat capacities of the n-alkanols.Both optimized s-CPA and the
modified s-CPA (labeled as set C2) represent the data well.
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Another example of the improvements in liquid heat capacity prediction via an improved
equation of states is shown in Figure 31. This plot contains liquid heat capacity data for
diethylethanolamine from three sources, along with DIPPR’s prior accepted correlation (ChuehSwanson method).115,148-150 While reviewing this chemical, DIPPR analysts were puzzled by the
derivative method’s (using the SRK for vapor properties) inability to match the behavior shown
in experimental data.
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Figure 31: Liquid heat capacity values and predictions for diethylethanolamine.
While it is comparable at lower temperatures, the SRK derivative method trends away from
the experimental values as temperatures increase. New derivative method values were calculated
using the cubic-plus-association equation of state. CPA parameters were not available for this
species, so values from a similar polyfunctional amine were used in calculations. Despite using
values that are only approximations, the newly calculated derivative method follows the
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experimental trend much more accurately. We can safely assume that using specifically
regressed parameters for this species would improve the prediction even more.
This section contains the conclusions of years of careful study into equation of state methods
and chemical association. While moving to an advanced equation of state will not solve all of
DIPPR’s problems with the derivative method (specifically for smaller carboxylic acids, which
may need a Hayden-O’Connell or other approach), it will significantly improve the accuracy of
the derivative method in acids, alcohols, amines, and other associating species and still allow
prediction of more ideal behaving species. It is recommended that DIPPR invest the time and
effort into researching parameter estimation techniques for an advanced equation of state so that
the properties of associating compounds can be more accurately estimated.
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9

OTHER WORK

9.1 Introduction
In addition to the work accomplished in property predictions, we collaborated with several
other groups and graduate students in molecules for nonlinear optics, optimizing curing methods
for silicon polymer-based sensors, reaction mechanisms for autoignition phenomena, and new
methods for diversifying chemical engineering curricula. These works resulted in significant
contributions and publications.

9.2 Specialty Molecules for Nonlinear Optics
Nonlinear optics (NLO) is a relatively new field in physics. Under stimulation with lasers,
crystals with certain structures can produce vastly different wavelengths of light. Applications of
nonlinear optics include enhanced signal processing, tetrahertz generation, and autofocusing
beams.
In this work, a new molecular cation was designed and tested for use in nonlinear optics.151
This species, 6MNEP, shown in Figure 32, was tested for hyperpolarizability and other relevant
properties. This testing was done for multiple anions and show that 6MNEP is an ideal candidate
for nonlinear optics applications.
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Figure 32: Hirschfeld surface of 6MNEP-T, a crystal of 6MNEP and p-toluenesulfonate.
Hirschfeld surfaces are a tool for analyzing interactions in crystals.152

Another important property for nonlinear optics is stability under high temperatures resulting
from laser exposure. Using an identical experimental method as discussed in section 3.3.2,
melting points for 6MNEP-T and 6MNEP-4NBS were measured in our lab. These are compared
to standard crystals for nonlinear optics in Table 22. While the melting points are lower, they
show a similar level of stability to the benchmark crystals.
Table 22: Melting points of crystals for nonlinear optics. Uncertainty in this work is ± 1.0 K.

Species
DAST153

Melting Point (K)
529.15

HMQ-TMS154

547.15

HMQ-T155

546.15

OHP-CBS156
6MNEP-T

∼543

6MNEP-4NBS

507.15

497.15
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9.3 Autoignition
The autoignition temperature (AIT) is an important property for both safety and regulatory
planning in industry.157 Significant disasters have occurred due to overlooking this property,
often leading to loss of life.158 AIT is measured via ASTM method E659, with the introduction of
the species at its room temperature phase to a preheated flask. Figure 33 contains a diagram of
the setup in our lab.

Figure 33: Apparatus for measurement of AIT.159

Previous to this work, AIT prediction for n-alkanes larger than n-eicosane were thought to
asymptotically approach a constant value. There had been no measurements on n-alkanes larger
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than n-eicosane to this point. However, measurements collected by Redd et al. proved there was
a gradual rise from n-eicosane to n-pentacosane, and a large jump in AIT from n-pentacosane to
n-hexacosane. The recommend data from Redd et al. is shown below in Figure 34.
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Figure 34: n-alkane recommended AIT. Note the discontinuity at C25.Values from varied
sources.159-164
The discontinuity at C25 was hypothesized to be due to a change in reaction mechanisms.
This was suspected because at autoignition experiments below C25, compounds would sit in the
bottom of the flask for up to two minutes before igniting. With compounds C26 and larger, the
lag time from introduction to combustion was always less than three seconds. Additionally, there
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appeared to be temperature fluctuations in experiments where autoignition was not recorded that
appeared to be the result of competing mechanisms.
A decomposition process was thought to be responsible for these findings. In order to test
this theory, decomposition temperatures were measured using DSC with a modified ASTM
method E537-20.165 The default heating rate of the ASTM method is 20 K/min, but to simulate
the effect of introducing a substance to a pre-heated oven the heating rate was adjusted to 50
K/min. The results are plotted in Figure 35.
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Figure 35: Decomposition and autoignition temperatures.20 K/min experiments are blue stars,
50 K/min experiments are orange triangles, and AIT are black x’s.
Notice that at C16 the decomposition temperature is significantly above the AIT, while for
C22–C25 the decomposition temperature is similar to the AIT. These data show that significant
decomposition occurs near the AIT for the n-alkanes approaching C25 and suggest that
decomposition increasingly influences the measured AIT as carbon number increases. The higher
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heating rate produced DCT values consistently higher than the lower heating rate. These
differences are likely the result of the change in kinetics of reaction. The heating rate
experienced by samples in the AIT oven are orders of magnitude higher than 50 K/min.
Therefore, significant decomposition would likely occur at a higher temperature in the AIT oven
than the data for 50 K/min show.
Through the decomposition temperature measurements, the effect of competing reaction
mechanisms on AIT was confirmed. This work, published in Fuel, significantly changes AIT
predictions and is likely the most important contribution to the subject in over 50 years.159

9.4 BACPAC Group
The BACPAC group at BYU is developing sensors for measuring the movement of muscle
groups. Traditional sensors have difficulty adjusting to the movement of the body and the
BACPAC group uses silicone-based polymers with nanoparticles to overcome this restriction.
An example of these sensors is shown in Figures 36 and 37.
The group used a standard curing regime but found during testing of the sensors that there
was a significant change in the measured results with sensor use. They suspected the curing
regime was not completely curing their sensors.
ASTM Method E2160-04 gives the standard test for determining the kinetics of
thermosetting chemical.166 Using a modified version of this method, the reaction kinetics and
effect of the additives were explored, and a new curing regime was developed that prevented
sensor drift. This work will be published when BACPAC finished their studies the use of the
sensors.
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Figure 36: BACPAC sensors

Figure 37: BACPAC assembled sensor
9.5 Using Norbert Rilliuex to Increase Retention of Minority Engineering Students
STEM programs at universities all around the world are concerned by the lack of diversity in
their students. One common explanation for this problem is that students of color do not enter
STEM fields at the same rate as their white-male peers, but that is incorrect. According to the
Department of Education, Black, Hispanic, and American Indian/Alaska Native students entered
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into STEM fields at similar rates to their white peers.167 Despite the similar entrance rates into
STEM fields of minority students, their rate of completion is significantly lower than their white
counterparts. A similar trend occurs between men and women in STEM.168,169 The achievement
gaps seen between underrepresented minority groups (URM) and other groups then propagates
into underrepresentation in STEM careers.170,171 A conversation with a friend studying Learning,
Diversity, and Urban Studies at Vanderbilt University led to a collaboration on how to best help
these students in chemical engineering programs.
While there are myriad reasons for lower rates of retention of URM in STEM fields, fixing
many of them are outside the scope of a chemical engineering professor.172-181 We realized
however, that addressing the lack of diversity in classroom materials can easily be done by
highlighting minority scientists’ contributions in coursework and lectures. Professors using this
method can have a large impact on URM students without needing to drastically change their
class notes or homework.
This work was published in Education for Chemical Engineers and will be presented at the
AIChE 2022 Spring Meeting.182 In the paper, we show how improving representation in course
materials can improve student outcomes and discuss how the work on sugar processing by
Norbert Rillieux, a black inventor and early chemical engineer, is uniquely suited for use in
chemical engineering classrooms.
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10 CONCLUSIONS

In this project, we worked to develop prediction methods, improve the DIPPR database,
and create tools for DIPPR that would improve their work with associating species. This project
explored various avenues for learning about the extent of association and methods to overcome
the problem. We began with an experimental and simulation study of dicarboxylic acids, proving
that association does not affect larger species even with the correct functional groups. This
enabled us to define the limits of association. Next, we undertook an extensive experimental
work for liquid heat capacity, melting point, and heat of fusion. In this time, we measured
properties for close to 40 species that were made available for the database and reviews.
During this time, we authored a critique of how DIPPR values are used in literature.
DIPPR is a commonly used tool by engineers and scientists worldwide, but the literature showed
a fundamental misunderstanding of DIPPR values by many authors. The article on this subject
outlined a user’s guide for DIPPR that we hope will clarify the databases unique approach to
thermodynamic properties. This work also led to an increased data set for testing prediction
method and a new algorithm for searching the DIPPR database.
Next, we attempted to find a way to quantify the ability to associate by analyzing
molecular structures using molecular descriptors. This work consisted of building a series of
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QSPRs for liquid heat capacity. While we were unable to find a single descriptor capable of
accounting for strong intermolecular attractions, we found that separating datasets by the number
of oxygen atoms would be necessary. This work also led to the development of several quality
QSPRs.
Almost by accident we discovered a limit to liquid heat capacity. The limit is based on a
statistical mechanical principle of the availability of vibrational modes. This limit will allow data
analysis, process design, and prediction method development to proceed faster and more
accurately. Even more important to this project is that all associating species were found to abide
by this limit.
Currently (and likely continuing to another graduate student) we are developing an LCP
prediction using only ideal gas heat capacity. While we are as yet unsure of how this prediction
will work for associating species, this prediction method is a dramatic improvement over
traditional methods because it works for any species and molecule and requires only a molecular
structure to calculate. The preliminary data show this method to be highly accurate, and it could
represent a significant step forward in liquid heat capacity prediction.
Along with these other works, we completed an in-depth analysis of advanced equations
of state for property prediction using the derivative method. From this analysis, we can make
recommendations to DIPPR about possible improvements to the derivative method.

10.1 Recommendations for DIPPR
The goal of this work was to allow DIPPR to better perform its job of producing the best
estimates of thermodynamic properties. In this work, we have developed several new tools to
make that easier. We have also completed a comprehensive review of derivative property
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prediction in the literature in order to make recommendations on improving the derivative
method’s performance in association fluids. Here, we will list our recommendations and explain
our reasons for each.

10.1.1 Clarify Usage and Add New Search Methods
One of the most impactful papers published from this work was the article discussed in
Section 4. Researchers often use DIPPR database values incorrectly and a small part of the blame
goes to the database. While information of the datatypes and acceptance values are available, the
database should do a better job bringing this to the end users. Many researchers are shocked
when they learn that the DIPPR database includes predicted values or that correlation values can
be based on experimental, smoothed, or predicted sources. DIPPR can clarify this by directing
users (perhaps on an opening screen) to the usage guide article or by including definitions of
values with any data export.
DIPPR could also address this issue by providing better ways to search the database in
DIADEM. A new algorithm for searching the database was discussed in Section 4.4. This search
method allows data collection at single temperatures from correlations that are based on
experimental data near the given temperature. If DIPPR made searching the databases for only
experimentally supported values easier (particularly in DIADEM,) more academic uses of
DIPPR would not be erroneous.

10.1.2 Add New Quality Checks to Database and Review Sheets
In this work, we have developed several new quality checks for use in choosing liquid
heat capacity correlations. Through the derivative method, these checks can also show flaws in
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vapor pressure and heat of vaporization values. The Bloxham limit gives the maximum limit for
liquid heat capacity for a compound at any temperature based on its own critical temperature. As
shown in section 6.4.1., this limit can be used to identify data and prediction methods that are
untrustworthy. Using the Bloxham limit as a quality check can quickly sift through datasets and
make choosing accepted values easier without requiring much calculation time.
Another valuable quality check that we have developed is the observed relationship
between ICP and LCP. As noted in section 7, the relationship we have developed can give a
region of confidence in the liquid heat capacity from only ideal gas heat capacity values
calculated from molecular structure. Comparing these ratios is a quick way to test both the ideal
gas heat capacity and liquid heat capacity correlations and can improve a variety of additional
correlations through the derivative method.

10.1.3 Add New Prediction Methods
We introduce two new prediction methods in this dissertation. The QSPRs presented here
would be easy to add the database. DIPPR already includes several hundred molecular
descriptors in the database and adding the additional ones discussed here would not be difficult.
The QSPRs have the added benefit of being applicable to inorganics and other molecules that
current methods neglect. These could be a valuable addition in that regard.
The other prediction method we have developed in this work is based on quantifying the
relationship between ICP and LCP. As we show in Section 7, ideal gas heat capacities are both
accurate and available for species that do not have any known experimental values. With no
inputs other than structure, ab initio calculations can provide us with an accurate picture of the
liquid heat capacity curve. DIPPR already calculates ICP from Gaussian for new compounds,
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and using the linear relationship to LCP would be a valuable tool. This prediction method is both
accurate and applicable to any chemical species.

10.1.4 Upgrade the Equation of State to CPA
DIPPR currently used the SRK equation of state for calculating properties within the
derivative method. The SRK is a convenient equation of state for many reasons but is
fundamentally flawed when used for polar or associating species. While there are many
equations of state explicitly designed to handle these kinds of compounds, the best choice for
DIPPR is to begin to use the CPA equation of state.
The CPA is particularly useful to DIPPR because it requires relatively few parameters
(for a SAFT-based equation) and because it simplifies to the SRK for non-associating species.
This equation of state would be able to handle most associating compounds and would still give
much of the flexibility of the SRK.
There are some technical issues to sort out before DIPPR could begin to use the CPA.
The CPA requires 5 parameters for use, and while 3 of them could be estimated the same way as
SRK parameters, fitting tends to be better when all five are fit simultaneously. DIPPR does not
always have enough data available to be confident in all five parameters. There has been research
in using group-contribution and quantum mechanical methods to estimate parameters, but DIPPR
would need to invest in creating better parameter predictions before they could use the CPA.

10.2 Future Work
This work develops many new tools for increasing the thermodynamic consistency of the
database, but does not completely solve the issue of association in thermodynamic property
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prediction. There are several topics left to be explored in continuing improving the DIPPR
database. Some have been touched on, but we will summarize them here.

10.2.1 Experimental Work
Despite the excellent predictions available, DIPPR prioritizes experimental values in
accepted values whenever possible. There are still numerous species both in and out of the
DIPPR database that lack accurate liquid heat capacity information. Continuing measurement of
this and other properties would be an excellent way to improve the database.
Another potential avenue for DIPPR is to expand into measuring solid properties and
vapor pressures. The MDSC currently in use can easily be used for measurement of solid
properties with a similar method of operation, and the lab also has a TA Instruments Q20 that
could be adapted to measure vapor pressures and normal boiling points. While adapting the Q20
may take some work, there is no doubt that DIPPR could use the values produced with the
equipment.

10.2.2 Develop Prediction for CPA Parameters
While there have been attempts at estimating CPA parameters in the literature, most are
limited to niche applications and have been unsuccessful. Before DIPPR can update the
derivative method to use the CPA, they must develop a method to predict these values with some
confidence. This estimation scheme will likely take the form of a group contribution scheme, but
there is a strong case to be made for using quantum mechanical calculations for at least one of
the parameters.
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10.2.3 Investigate the Role of Association in Other Properties
This work (and others) have taken a long look at the effect of association on derivative
properties. However, the ordering of liquid and gaseous phases by oligomerization likely affects
many properties. Consider the effect of intermolecular forces on properties like liquid density,
viscosity, and critical temperatures. A careful look at the effect of association on all
thermodynamic and transport properties could be an insightful contribution.

10.2.4 Continue Investigation of ICP-LCP Relationship
The prediction method presented in Section 7 already has proven to be an accurate and
useful prediction method. However, there are still significant questions to be answered. An
analysis of the effect of chemical family, molecular size, and functional groups should be
completed before the work is completed and published.
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